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“Wherefore one ought to distinguish two kinds of causes, the necessary and the
divine, and in all things to seek after the divine for the sake of gaining a life of
blessedness, so far as our nature admits thereof, and to seek the necessary for
the sake of the divine, reckoning that without the former it is impossible to
discern by themselves alone the divine objects after which we strive, or to
apprehend them or in any way partake thereof.”

— Timaeus 68e, Plato
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The natural world features high-dimensional retinal inputs to the visual system. In contrast,
to study vision in lab, only sparsely sampled image sets are used. Given this immense image
manifold, what is a principled way to sample and understand the neural representations on it?
In this thesis, we frame the neural coding question in a geometric way. Neural tuning can be
conceptualized as a landscape on the natural image manifold, and generative models such as
Generative Adversarial Networks (GANSs) provide a concrete instantiation of the manifolds. We
hypothesized that the maximally activating images or peaks on these landscapes are critical for
understanding visual neurons. Thus, we used the neuron-guided image synthesis paradigm to
find these peaks, where an evolutionary algorithm iteratively optimized the images to increase
the firing rate of a target neuron, gradually reaching a peak on the tuning landscape.

We first characterized the Riemannian geometry of the GAN image manifolds and leveraged
the geometry to develop a better evolutionary optimizer to control the neurons. We applied the

closed-loop paradigm to neurons recorded in V1, V4, and posterior inferotemporal cortex (pIT)
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in two monkeys. Along the ventral stream, we found a few consistent trends. Going up the
hierarchy, the tuning peaks became sharper, and they took more optimization iterations to find.
By constraining the optimization in linear subspaces, we found the tuning peaks became higher
dimensional. Further, we compared the image optimization in multiple generative spaces: a
pattern-based generator, and an object-based generator. We found that going up the hierarchy, it
became increasingly easy to guide optimization on the object manifold and increasingly hard on
the pattern manifold. Further, on both manifolds, the optimized images for IT neurons have
higher objectness scores than V4. Thus, the tuning peaks of higher visual neurons (pIT) were
located closer to the object manifold, and their tuning functions were more aligned with object-
based parametrization.

In the future, we’d like to consider how these landscapes are combined to construct
population representations, and how these maximally activating stimuli are critical to driving

downstream behaviors.
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Chapter I : Introduction

I.1 A Whirlwind Tour Through Primate Ventral Stream

For us primates, vision serves as the main channel of information. Within the brain, a substantial
portion of resources is allocated to handle and interpret this abundant source of data. For example, in
macaque monkey, it was estimated that 55% of surface area in neocortex is related to visual processing
((Felleman and Van Essen, 1991) Table 2). If we compare the neocortex in the brain to the silicon chips
in computers, then the visual cortex as “graphic processing units” (GPU) takes up such a major part of
this chip. Thus, to understand the brain and the intelligence emerging from it, it may be critical to

understand the visual frontend of it.

Vision study has a long history. Since the early modern age (1600-1700s), western philosophers have
been fascinated by the faculty of vision. For example, informed by anatomical study, René Descartes
(1596-1650) already had a mechanistic view of vision, where light particles strike the eye, and the pulses
pass through the optic nerves to the brain (Principles of Philosophy, 1644 (Descartes, Miller and Miller,
1988)). This picture of early vision pathway is relatively accurate even in today’s regard. In that age,
philosophers (e.g. John Locke) had been puzzled by the problem of objective and subjective quality,
namely, which quality belongs to the object and which belongs to the observer or our mind. Their puzzle
highlights the vast difference between the quality of information input into the brain and the perceptual
output we get. The input to our visual system is the spatiotemporal pattern of photons with varying
wavelength falling onto the two-dimensional retina, in contrast, what we perceive daily is objects with
color and shapes convincingly living in three-dimensional space. Thus, it’s natural to ask which aspects

we see are a faithful reflection of the world and which aspects are a construction of the mind. This drives



philosophers into debates of whether color is a property of the object or that of us observers. In the
synthesis view of Immanuel Kant (1724-1804), the philosopher proposed that our knowledge of the world
doesn't come solely from sensory data or from pure reason (a priori), but rather from a synthesis of these
two sources (Critique of pure reason, 1781, (Kant, 1908)). Further, he thought our minds contained
inbuilt structures to organize sensory data into perceptual experiences. This perspective aligns closely
with our contemporary understanding of vision. In the context of the 21st century, the 'inbuilt structures'
that Kant mentioned can be understood as the neural system responsible for processing sensory data,
along with the accompanying inductive biases. Two centuries ago, the absence of neurophysiological
methods and a computational understanding of vision left philosophers unable to grasp how this
information was processed and represented within the brain. Fast forward 200 years, the same sense of
wonder regarding how the incoming information in the visual system translates into our perceptions, and

what 'inbuilt structures' enable this process, continue to fuel the exploration of visual neuroscience.

Organization of Visual Cortices. Inside the primate brain, the visual information originated from
retina projects onto the cortices and other subcortical regions. Here, we focus on cortical processing.
Within the cortices, the visual processing cortices are organized as a hierarchical and interconnected
network (Felleman and Van Essen, 1991; Van Essen, Anderson and Felleman, 1992; Markov et al.,
2014). With tracing techniques, researchers could study the long-range projections patterns between
visual cortical areas and determined which projection is “feed-forward” and which projection is
“feedback”. By analyzing the relative fraction of feed-forward and feedback projections, the researchers

define the hierarchical level to the cortices.

Aside from hierarchical organization, an influential view, two stream hypothesis (Goodale and

Milner, 1992; Goodale and Westwood, 2004; Gallivan and Goodale, 2018) proposed that there are



separate visual pathways for perception and action: the ventral stream is oriented towards identifying and
recognizing objects, while the dorsal stream oriented towards driving visually guided actions (pick-up the
object). In this thesis, the focus of our investigation is the ventral pathway in the primate visual system,

which is more related to visual object perception.

Ventral Hierarchy. The ventral pathway started from the primary visual cortex (V1), and went
through V2, V4, and posterior, central, anterior subregions of inferotemporal cortex (IT), organized in a
hierarchical fashion. Through anatomy, we knew that the visual information went through a series of
feed-forward processing stages with feedback and recurrent in each stage. So how does the visual

information get represented and transformed at these stages? This is a driving question for this thesis.

Basic properties of visual neurons. Temporally, going up the visual hierarchy, the neurons respond
to stimuli with longer latencies which is in line with the feedforward information transmission. Spatially,
visual neurons have receptive fields (RF), i.e. they respond to stimulation of a localized region in the
retina. This receptive field location changed relatively smoothly along the visual cortical surface forming
the retinotopic map. The receptive field size increases with eccentricity (i.e. angular distance to the center
of gaze). Namely the receptive fields located at the center of gaze are smaller than those located at
peripheral space. Going up the visual hierarchy, at the same eccentricity, the receptive field size
increases, i.e. the neurons are integrating more information corresponding to a larger size of space
(Gattass, Gross and Sandell, 1981; Gattass, Sousa and Gross, 1988; Freeman and Simoncelli, 2011).
Within the RF, neurons selectively respond to certain visual patterns with high firing rates, and others to
low firing rates. These varying firing rates i.e. neural activation depending on the input, form the neural
representation of the visual world. Thus, to find how the neural activation and the visual stimuli

correspond to each other is the key question for studying visual neural code.



Much has been discussed regarding the visual code within the ventral stream. In order to position this
thesis appropriately, we’d like to briefly review how our predecessors have studied the visual system. We
will see that the stimuli space we used to study the visual system largely defined the progress we made in

understanding it.

I.2 Stimuli Sampling Strategies for Studying Visual Neural Code

To study any sensory system, the basic paradigm is to apply stimuli to the system and measure
neuronal responses (Adrian, 1919; Barlow, 1953; Kuffler, 1953). However, the visual system is faced
with an immense input space with an infinite kind of stimuli. To make it concrete, let’s assume a tiny
RGB image of 64 pixels wide. Regarding the image as a vector space, then its dimensionality is 12288.
Even if we discretize the value of each pixel, and allow 256 levels for each color pixel, then the number
of possible images is 25612288 ~ 1029592, Comparing to which, the number of atoms in the universe
(~1082) appears negligible. Due to the continuous and high-dimensional nature of images, there is little
hope to exhaust the space of images. So, given a limited budget of stimuli that we can test, an important

question every vision researcher faced is, what kind of images should we use as stimuli?

Researchers have tackled this problem from two fronts. On the one front, to reduce the dimensionality
of the image space by better understanding the structure of natural images. It’s obvious that random
combination of pixels does not constitute meaningful images: pixels need to suffice certain statistical
relationships to appear natural (Simoncelli and Olshausen, 2001; Freeman and Simoncelli, 2011). Thus,
the space of natural images has a much smaller dimensionality than the number of all pixels. This effort is
instantiated by the study of natural image distribution and generative model of images, which we’ll

briefly review in Section L.3.



On the other front, researchers also need to sample their stimuli “wisely” based on their
understanding about the visual system. We categorize the approach for sampling stimuli into two general
families 1) static sampling based on heuristics, 2) adaptive sampling based on neural feedbacks. In the
static sampling approaches, the researchers pre-select a fixed set of stimuli, according to some heuristics
or based on some hypothesis they wanted to test (Pasupathy and Connor, 1999; Hegd¢é and Van Essen,
2004, 2006, 2007; Yau et al., 2012). In the adaptive sampling approach, the researchers sample the
stimuli iteratively and choose new stimuli based on the recorded neuronal responses in a feedback loop.
In the following subsections, we will review a few classic works belonging to these two camps and
analyze their underlying designs and analysis.

I.2.1 Heuristic-based Static Stimuli Sampling

For the study of visual systems, what kind of stimuli spaces have people developed? In our
understanding, there are two types of principles guiding their heuristic sampling, one is parametric
sampling; the other is ethological relevance. Many classic works tend to use simple stimuli parametrized
by a set of parameters 8, and then they vary the parameter systematically to test neuronal code of the
parameter 8. The other type of work is to choose natural images that may be ethologically relevant, for
example, monkey and human faces, hands, animate and inanimate objects, natural scenes. Here, we will

review some classic image spaces and the logic behind their development (Figure I-1).
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grating has been a prominent choice for visual stimuli. These stimuli have a few tunable parameters and

have proved to be effective for many visual cortical neurons across visual area (V1, V2, V4) and across
species (cats, macaques).

One direct step forward is to modify the gratings or construct more complex stimuli from them. In

1993, Gallant, Braun and van Essen used other variants of gratings, e.g. polar or hyperbolic grating for



V4 neurons (Gallant, Braun and Van Essen, 1993). Later, Hegdé and van Essen used these non-cartesian
gratings and shapes constructed from line segments and curves (e.g. tri-stars, cross, star, angle, arc,

circle), to compare the visual neural code in V2 and V4 (Hegd¢ and Van Essen, 2004, 2006, 2007).

Similarly, another step forward is to study simple geometric motifs, e.g. curves and contours. For
example, Pasupathy and Connor conducted a systematic study of V4 neural code with curve and angles
elements parametrized by curvature and angle size (Pasupathy and Connor, 1999); further, they
connected these angular curve elements into a closed 2d contour with various number of projections
(Pasupathy and Connor, 2001, 2002) and studied the single neuron and population coding of 2d shape. As
a side note, when they extended this work to study neural code for 3d shapes, the immense stimuli space
inspired them to use adaptive stimuli sampling method, which we will review in the next section (Sec.

[.2.2) (Yamane et al., 2008a).

In Movshon and Simoncelli lab, instead of constructing stimuli from simple motifs, they reasoned
deeper about image statistics. If we applied orientation filter to images, the first order statistics (mean) of
filter response defined the overall distribution of oriented edges. They found that, the second order
statistics (correlation) of filter response defined the naturalistic textures (Freeman and Simoncelli, 2011).
By matching the second order statistics to different texture photos, they can synthesize different texture
families with varying degrees of naturalness. By contrasting these synthetic texture with those with
distorted 2nd order statistics, they revealed the difference of neural code between V1 and V2 cortex

(Freeman et al., 2013; Ziemba et al., 2016, 2019).

For higher order vision, in many cases, a different kind of heuristic has been applied (Figure I-1
lower). Since the very early study of inferotemporal cortex in primates (Gross, Bender and Rocha-

Miranda, 1969), researchers have found that it’s hard to drive their responses with simple geometric



stimuli. In the 1969 paper to determine the receptive fields of IT neurons, the authors commented “One
major difference between the properties of striate and prestriate neurons and those of inferotemporal
neurons was that the responses of the latter tended to be less clear and thus their receptive fields more
laborious to determine. There are two possibilities that may account for this difference. The first is that
by largely confining the stimuli to bars, edges, rectangles, and circles we may never have found the
"best" stimulus for each unit...”” This initial observation of response to complex but ethologically
relevant natural images has inspired many follow-up works studying inferotemporal cortex. For example,
researchers have experimented with photographs of faces of primate and human (Wallis and Rolls, 1997;
Sugase et al., 1999; Tsao et al., 2003, 2006), animate and inanimate objects (Hung et al., 2005; Kreiman
et al., 2006), natural scene videos (Baddeley et al., 1997), and objects embedded in natural scene
backgrounds (Rolls, Aggelopoulos and Zheng, 2003; Aggelopoulos, Franco and Rolls, 2005; Majaj et al.,
2015) etc. Using these high-level stimuli, this approach has facilitated the discovery of face patches in
primates, and the finding that neural representation in the inferotemporal cortex supports rapid
classification of objects. However, as the objects reside in discrete categories, they can only be morphed
locally by changing shape, location, orientation etc., but they are not parametrized in a global space.
Thus, in contrast to the parametric spaces mentioned above, we usually don’t have a continuous tuning
curve for objects and the results are regarded as “categorical selectivity” for objects (but see (Freedman et
al., 2003)). The different paradigms of stimuli sampling for lower order cortices and higher order cortices
create this gap of knowledge, which motivated our study of neural code on continuous image manifolds

throughout ventral stream in this thesis (Chapter IV, V and VI).



To summarize, the classic approach of visual neuroscience uses stimuli spaces such as shapes
combining simpler features, textures that represent higher order image statistics, and ethologically

relevant images.

Table I-1 Classic stimuli spaces used for studying neural codes of visual cortical areas.

Paper Stimuli space Target Visual area

(Hubel and Wiesel, Moving black bar V1, macaque
1968)

(Desimone and Schein, = Bars (varying length, width, orientation, and = V4, macaque
1987) polarity of contrast);

Sinusoidal gratings (varying spatial

frequency, phase, orientation, and overall

size).
(Gallant, Braun and Polar, Hyperbolic, and Cartesian sinusoidal =~ V4, macaque
Van Essen, 1993) gratings
(Levitt, Kiper and Drifting sinusoidal grating, with color V2, macaque
Movshon, 1994)
(Pasupathy and Angular and curve element V4, macaque
Connor, 1999)
(Pasupathy and Contour of closed 2d shapes (constructed by = V4, macaque

Connor, 2001, 2002) angular elements)

(Hegdé and Van Essen, Cartesian, polar or hyperbolic grating; V2, V4, macaque
2004, 2006, 2007) Geometric shapes formed by line segments

and curves (e.g. tri-stars, cross, star, angle,

arc, circle)

(Freeman et al., 2013;  Synthetic texture with matched 2" order V2, macaque
Ziemba et al., 2016) statistics

(Gross, Bender and Moving bars; Random cut out shapes Inferotemporal
Rocha-Miranda, 1969; (including hand shapes) cortex, macaque



Gross, Rocha-Miranda

and Bender, 1972)

(Desimone et al., 1984)

(Sugase et al., 1999)

(Baddeley et al., 1997)

(Rolls, Aggelopoulos

and Zheng, 2003;

Aggelopoulos, Franco

and Rolls, 2005)

(Zoccolan et al., 2007)

(Majaj et al., 2015)

(Tsao et al., 2003)

(Kornblith ef al., 2013)

(Popivanov et al., 2014;
Popivanov, Schyns and

Vogels, 2016)

Patterns with irregular edges; images of
human hand or hand shape; macaque and
human faces

Human and monkey faces (varying identity,
facial expression); Geometric shapes
(varying shape and color)

Natural scenes videos

Objects placed on gray or complex natural
scene backgrounds

Isolated objects on gray backgrounds; local
morphs of objects; identity preserving
transformation of objects.

64 3D objects rendered on 10 naturalistic
backgrounds (640 images in total)

Faces, bodies, hands, fruits, technological
objects and grid-scrambled technological
objects

Rendered 3d indoor scene.
(With other face, objects, textures)

Body parts stimuli
(with other face and body of monkey and
human, object, animal etc.)

10

Inferotemporal
cortex, macaque

Inferotemporal
cortex, macaque

V1 and
Inferotemporal
cortex, macaque

Inferotemporal
cortex, macaque

Inferotemporal
cortex, macaque

Inferotemporal
cortex, macaque

V4, TE, macaque
(fMRI)

lateral place patch
(LPP), medial
parahippocampal
gyrus (MPP),
macaque

midSTS (fMRI-
defined) body
patch, macaque



[.2.2 Closed-loop Visual Neuroscience: Model-free

In contrast to sampling stimuli based on the tradition of field or heuristic, an alternative way is to let
neurons help us choose what stimuli should we use. Using the heuristic methods, the whole field of visual
neuroscience has a loop of improvement: one research paper reporting successful stimuli, and then other
labs adopting and modifying them in their next experiments to better stimulate the neurons. Using
feedback from neurons directly, this loop of improvement is closed in a single experiment, thus we call
these approaches closed-loop visual neuroscience. We will review the development of this paradigm in

this subsection (I.2.2) and the next one (1.2.3).

The idea of using neuronal or perceptual response to guide stimuli selection has a long history in
sensory neuroscience and psychophysics, and it has become increasingly popular in the study of visual
neural code in the last five years. In sensory neuroscience, this approach has been orlglnally known under
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Figure I-2 Historical timeline of closed-loop visual neuroscience, and the position of the thesis research.
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the name of adaptive stimulus optimization or adaptive sampling (Benda et al., 2007; DiMattina and
Zhang, 2013). The problem of sampling stimuli can be formulated as a problem of active learning or
optimal experimental design, etc., thus its theoretical foundation can be found in the field of statistics and
machine learning. In our work, we have also borrowed tools and ideas from the field of evolutionary
computing and gradient-free optimization. Here I’d like to review the historical development of this

approach (Figure 1-2).

In an early effort (Foldidk, 2001), Foldiak utilized gradient-ascent algorithm to directly optimize the
pixels of an image stimulus for V1 neurons in macaques (with experiments conducted in Movshon lab at
NYU). Obviously, the analytical gradient from neuron to the pixels was not available. So, in their
method, the gradient was estimated by a stochastic approximation. They presented multiple stimuli with
randomly perturbed pixels x; + 8x;; around a reference stimulus X; and then correlated the neuronal
response 7;; to the perturbations §x;;. This weighted averaged direction formed an estimation of the

gradient direction. Then the reference stimulus is updated along this direction, as following.
Xiv1 < X+ a; X j(rij — 1) 8%y (I-1)

After proving this concept, they found multiple runs of optimization would end up with grating-like
patterns with different phases, which is consistent with the classic result of phase invariants in complex
cells. Note that, the stochastic method to approximate gradient (Eq. 1) has influenced many works down
the line, and it shared the same spirits with the evolutionary strategy algorithms we developed in Chapter

II1.

This idea was soon adapted into the study of auditory system (O’Connor, Petkov and Sutter, 2005).

The authors optimized auditory stimuli for neurons recorded in primary auditory cortex (Al) in

12



macaques. They used multi-tone composite stimuli, which were parametrized by the amplitudes in 24-36
tones, and they used a similar algorithm as above to optimize the stimuli (Foldiak, 2001). They perturbed

the stimuli along some random directions 6X;;; and then estimated the gradient direction by weighted

(rij-7)

Tmax

averaging these perturbation directions using the normalized neuronal firing rate , and then

modified the stimuli along this estimated gradient direction.

[). 4

rij—ﬁ)
max

Xip1 © X+ 0 Y

ij (I-2)

The major modification from Eq. I-1 is the additional normalization terms to accommodate different
dynamic range of neurons. This modification is similar in spirit to evolutionary algorithms, e.g. CMA-ES

which was also invariant to scale of response.

For a parametric stimuli space, researchers usually systematically test all combinations of parameters,
or first choose good values along some parameter directions (e.g. orientation) and then test the neuronal
tuning to other parameters of interest. However, the stimuli space grew exponentially with the number of
dimensions, so exhaustive sampling becomes virtually impossible for spaces with tens to hundreds of
dimensions. In this case, the adaptive sampling approach becomes necessary for studying the neuronal

encoding in these vast stimuli spaces.

To tackle this challenge, the Connor lab resorted to the adaptive sampling strategy to study the
neuronal coding of a series of geometric stimuli spaces in three-dimensional space (Yamane et al., 2008a;
Hung, Carlson and Connor, 2012; Vaziri et al., 2014; Vaziri and Connor, 2016). Here we reviewed their
seminal work of 2008 (Yamane ef al., 2008a), to show how the adaptive sampling method could be used

answer visual neuroscientific questions. In this paper, they studied the encoding of closed three-

13



dimensional shapes in higher visual cortex (namely central and anterior IT), by applying the evolutionary
algorithm to parametric 3d shapes. These shapes were parametrized by a grid of control points for
NURBS (Non-uniform rational B-spline). Then the shapes were rendered with shading and disparity
using a computer graphics engine. For the evolution algorithm, its objective was not simply to maximize
the neuronal firing rate, but to keep samples from different ranges of neuronal response including the
high response and lower responses. In the end, this method yielded a portfolio of stimuli spanning a
larger dynamic range of neuronal responses, which facilitated the follow-up modelling and analysis of
neuronal tuning and selectivity. Using this specific image parametrization and adaptive algorithm, they
successfully navigated the high-dimensional 3d shape space. As they have noted, this approach allowed
them to spend more “stimuli budget” in the active domain of the neuron instead of in the null-response
domain; further it can reveal some initially unknown tuning parameters. By changing ways of rendering
the shape (e.g. with or without shading, texture, with or without stereo display), they found that the depth
cues such as disparity or shading were necessary for the three-dim tuning of the neuron. By testing tuning
to other parameters e.g. lighting direction, rotation, translation and depth, they found the neural code for
3d shape was separable from the code of other dimensions. Finally, they used a graph-convolution like
subunit model to fit the neuronal response and attribute the key features of the stimuli. Via population
analysis of these fit models, they found the tuning peaks were more biased towards high curvature parts

(ridge and spiky peaks) of three-dim shapes.

This work demonstrated an exemplary workflow that tackled the challenges for adaptive stimuli
sampling paradigm. Since the stimuli sampling is largely driven by neurons online, 1) the stimuli
parameters are not sampled regularly during evolution, 2) the stimuli set differs for different neurons in

the population, 3) for the same neuron, different runs of evolution results in different sets of stimuli.
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Thus, to tackle challenge 1, it’s usually necessary to do post hoc tuning experiments to test the neural
tuning for other parameters (e.g. position, orientation). As individual neurons are tested with different
sets of stimuli (challenge 2), to understand the key factor that drives the neuronal firing, computational
modelling is usually necessary to dissect and attribute the key part of the stimuli. Further, since the
neurons from a population are tested with different stimuli (challenge 2), in order to draw conclusions
about population, usually its necessary to compare and pool fitted parameters of the model. Finally, as
evolution process has intrinsic stochasticity, it’s good to perform multiple runs of Evolution to confirm
the neural tuning (challenge 3). As this thesis used evolutionary approach to study neural code, we

shared the same challenges, and tackled them with our approches (Chapter IV, Chapter V, Chapter VI).

Since then, they have used similar evolutionary algorithm and more complex shape parametrization to
study the neural code for complex shape constructed from blobs (Hung, Carlson and Connor, 2012), and
the neural code for smaller-scale object shape versus larger-scale environmental geometry (Vaziri et al.,

2014; Vaziri and Connor, 2016).

Even though this line of work in Conner lab developed more and more elaborate ways of
parametrizing shapes, rendered three-d shapes on black background are still a tiny fraction of all possible
images. The abstract art of Picasso cannot be expressed by the projection of a 3d shape. So, what’s a
more general way of parametrizing all 2d images? This parametrization needs to be both expressive and
compact --- or the search will not be feasible. Since 2014, researchers have leveraged deep neural
networks to learn from natural image statistics and to synthesize images. A prominent way is Generative
adversarial network or GAN. These models can map a vector to images, which can be regarded as an

advanced way of parametrizing images. (For a more extensive review, see Sec. [.3)
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Thus, using GAN as the image space, one can probe the neuronal tuning on an even broader space
than that of 3d shapes. Leveraging this advancement, (Ponce, Xiao et al., 2019) combined the genetic
search algorithm with pre-trained deep image generator (Dosovitskiy and Brox, 2016a), which was
showed to be highly expressive. The image generator maps a 4096d vector to an image, and the genetic
algorithm performed optimization in the 4096d latent space. Using this method, the authors can
synthesize highly activating stimuli for neurons in posterior IT and central IT. These highly activating
images (prototypes) looked intriguingly like primate faces or fragments of objects, and the highest
activating natural image also looked like the prototype, and the distance to the prototype can be used to

predict the response to natural images. This work formed the foundation for my thesis.

Through this history, we can see this paradigm develops along a few directions. The image
parametrization evolved from pixel level parametrization to more compact 3d geometric parametrization
and deep neural parametrization, and the optimization procedure evolved from approximated gradient
ascent to genetic algorithms. We catalogue this line of research along the axes of optimizers,
parametrization, target cortical region in the Table 2. In this framework, my thesis work contributed to
this line of research in multiple fronts, (1) understanding the geometric structure of the image space in the
deep image generator (Chapter II), (2) benchmarking and developing evolutionary optimizers leveraging
the geometry of image manifold (Chapter III), (3) using the optimization tool to characterize the
landscape of neural tuning (Chapter IV), (4) extending the tool to multiple image parametrization (object

based vs pattern based), and compare their differential alignment to neural tuning (Chapter VI).

Table I-2 Synopsis of the history of adaptive stimuli optimization in sensory neuroscience.

Optimizer Stimuli Parametrization = Target cortical area
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(Foldiak, 2001)

(O’Connor,
Petkov and
Sutter, 2005)

(Yamane et al.,
2008a)

(Hung, Carlson
and Connor,
2012)

(Vaziri et al.,
2014)

(Vaziri and
Connor, 2016)

(Ponce et al.,
2019a)

(Wang and
Carlos R. Ponce,
2022b)

Chapter I1I

(Rose, Johnson,
Wang and
Carlos R. Ponce,

Gradient-ascent;
gradient was estimated
by correlating response
to perturbations

Gradient-ascent;
gradient was estimated
by correlating response
to perturbations

Evolutionary, with local
and global morph,
maintain activation
diversity

Evolutionary morphing,
maintain activation
diversity

E(Wang and Carlos R.
Ponce,
2022a)volutionary,
maintain activation
diversity

Evolutionary, maintain
activation diversity

Genetic Algorithm
(classic GA)

GA; Covariance Matrix
Adaptation Evolutionary
Strategy (CMA-ES)

CMA-ES

Pixels

Amplitude of tones in a

multi-tone complex sound

Control points (NURBS)
of a 3d ellipsoidal shape

Medial axis

stimuli constructed from
connecting axial
components (blobs)

Control points (NURBS)

of a smaller scale shape or

a larger scale landscape

Control points (NURBS)

of a smaller scale shape or

a larger scale landscape

Latent vector of DeePSim

generator

Latent vector of DeePSim

generator

Latent vector of DeePSim

generator
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Anterior and central
IT, macaque
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temporal sulcus
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inferotemporal gyrus
(TEd, TEv), macaque

anterior IT, macaque

central IT, posterior
IT, macaque

V1/V2, V4 and
posterior IT, macaque

V1/V2, V4 and
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2021; Wang and
Carlos R. Ponce,

20224d)

Chapter IV

(Wang and CMA-ES and Hessian- | Latent vectors of DeePSim | V1/V2, V4 and
Ponce, 2023, in CMA generator and BigGAN posterior IT, macaque
prep) generator

Chapter V

I.2.3 Closed-loop Visual Neuroscience: Model-based

The works we catalogued above are model-free, in the sense that during the adaptive stimuli sampling
process, no model of the neuronal activity is explicitly built, and the optimization is performed directly
with respect to the recorded neuronal firing rate. With the advent of powerful deep learning methods to
model visual neurons in ventral stream (Yamins et al., 2014; Schrimpf et al., 2018), another thread
emerged in closed-loop visual neuroscience, which is model-based stimuli optimization (Figure I-2
lower). In these works, the researchers first performed system identification which fits an image-
computable model that predicts the neuronal firing rate — a digital twin using the fancy words of 2023.
Then the optimal stimuli were synthesized guided by the in silico model of neuron instead of the
biological neuron itself. This line of works is catalogued in Table 3. The key technique of this line of
work is the neuronal model and the method used to synthesize the image (feature visualization). So we

emphasize the difference between the methods along these two aspects.

In a foundational yet somewhat underappreciated work, DeepTune (Abbasi-Asl et al., 2018), the
authors trained predictive models of 71 neurons recorded from V4, and synthesized the optimal stimuli
for them using gradient ascent on the predictive model. These predictive models were built by linearly

regressing the neural activation onto the activations of a hidden layer of a pretrained convolutional neural
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network (CNN) (layer 2, 3, 4 of AlexNet, VGG, GoogleNet), with L1 or L2 penalty (LASSO or Ridge).
Note that, to counter the bias of individual model, they ensembled the 18 models to predict the neuron.
Further, they used gradient from the ensemble to synthesize best stimuli for the neuron. Note that, they
added total variation and [, norm of the image as regularization terms during the image synthesis, to
reduce the high-frequency artifacts. This will be a consistent theme threading the works doing model-
based optimization, and we will see more techniques for regularizing the high frequency noise during

feature visualization (Table I-3).

In 2019, two studies came out back-to-back, both applying similar methods to the visual cortices of

macaques and mice.

The Inception Loop from Tolias lab (Walker et al., 2019) used this paradigm to study the tuning of
neurons in mice V1 at scale. They used 5000 samples from the standard machine learning dataset
ImageNet (Deng et al., 2009), as the stimuli to the mice and the training image for the predictive model.
Note that, their neuron predictive model is specially built to account for several known physiological
effect of mice vision. They used a relatively shallow architecture, a three-layer convolutional neural
network as the Backbone shared by all neurons. On top of this CNN, a Readout head extracts features
from a specific spatial location, i.e. the hypothetical spatial receptive field of the neuron. Since mice
cannot fixate, their center of gaze could shift due to head or body movement. The authors creatively
trained a Shifter that predicts overall gaze-shifts which are used to shift the readout location for all
neuron readouts. Further, since motion and arousal are known to modulate the firing rate of visual
neurons in mice, the authors trained a small neural network (Modulator) based on running speed and
pupil size to predict this gain modulation factor. They trained this neuron prediction system on a large

population of neurons recorded via 2-photon imaging. Using this model, they synthesized the most
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exciting images (MEI) for each neuron which can activate those neurons with high specificity. Most
recently, the Tolias lab adapted this model-based closed-loop paradigm to study neuron population in
macaque V4, recorded with silicon probes (Willeke et al., 2023). Compared to the prior work, this paper
used a much simpler neuronal model, which is just a CNN backbone and a readout head. The backbone
was layer3 from ResNet50 adversarial trained on ImageNet, and the readout head spatially average
feature from a location. Here, the backbone was pretrained and then fixed, and the neural data was only
used to fit the readout head. This simpler model is suitable for the more stable tuning functions of primate

visual neurons.

In another thread, the Deep Population Control from DiCarlo lab applied this method to control
neuronal population in macaque V4. In contrast to (Walker et al., 2019), the authors used much fewer
object images (640 object images) to train the neuron model, which is layer3 from AlexNet with a
readout head. One innovation in their work is their population based optimization objective, i.e. to
synthesize images that drive the population in a specific way. For example, one of their objective was to
activating one neuron while suppressing all others neurons in the population. A follow-up work from
DiCarlo lab (Guo et al., 2022), used similar approach to synthesize stimuli for IT neurons. This time their
objective was to synthesize “adversarial” images for in vivo neurons and compare their robustness with
CNN units. For this objective, they used projected gradient descent to find smallest perturbations on
natural images that can maximally increase or decrease neuronal firing rate. As a result, they found the IT

neurons may already be as robust as current adversarial robust models.

We catalogued this family of approaches along the dimension of training data, model architecture,
and regularization techniques for feature visualization in Table I-3. We can find a few trends from this

history. In terms of the readout head, it progresses from a linear readout in DeepTune (Abbasi-Asl et al.,
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2018) to some spatial localized readout in all the later works. DeepTune regressed the neuronal
activations onto the whole activation tensors in a hidden layer, while all the following works average
features from local part of the tensor and then regress neuron activation on it (e.g. where-what factorized
convolution (Klindt et al., 2017), Gaussian spatial readout head (Lurz et al., 2021)). It seems that
spatially localized readout saves parameters and it’s better suited for visual neurons with receptive fields.
Another trend is that, we can see more and more regularization techniques are employed during feature
visualization. Further, the more recent works started to use Adversarial Robust CNN as backbones. Both
of these are related to how we can remove adversarial artifacts from the visualization (Olah, Mordvintsev

and Schubert, 2017), which we will explain in detail below.

Table I-3 Synopsis of Model-based stimuli optimization approaches.

Training Data Model Architecture Feature Visualization Target
for Neuron Regularization Technique Neuron
Model
DeepTune 4000-12000 Backbone, layer 2,3,4 of  Gradient ascent V4,
(Abbasi-Asl er  static natural pretrained AlexNet, VGG, macaque
al., 2018) images, GoogleNet; Ensernble': O'f 18 models;
grayscale, 2 Readout by linear Total variation and I, -
repeats regression on all features ~ Norm regularization (p =
with L1 or L2 6).
regularization (Lasso or
Ridge).
DeepPopulatio = 640 object Backbone AlexNet Gradient ascent (700 steps) = V4,
nControl images (Majaj = custom trained on o macaque
(Bashivan, Kar | et al., 2015) ImageNet, Layer 3; Total V.arla.tlon
and DiCarlo, Retinae transform front regu.lan“zatl(?n; Random
2019) end: spatial jittering at each

step; Normalize gradient;
Pixel value clipping.

Readout Linear readout
by where-what factorized
weight.
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(Guo et al.,
2022)

InceptionLoop
(Walker et al.,
2019)

InceptionLoop
for primates

(Willeke et al.,
2023)

1000 imagenet
images

5100 ImageNet
(ILSVRC2012)
images,
grayscale. (100
images were
repeated 10
times)

9000-12075
ImageNet
(ILSVRC2012)
images,
grayscale

Backbone, ResNet50
Adversarially trained (L2
€ = 2) on ImageNet,
Layer 4;

Readout Linear readout
by where-what factorized
weight

Backbone, 3-layer CNN
backbone shared across
population;

Readout layer from a
specific location and
linearly recombine the
features; a Shifter to shift
readout location
accounting for eye
movement; Modulator to
account for gain
modulation from brain
state.

Backbone, ResNet50
Adversarial trained (€ =
0.1) on ImageNet, Layer
3;

Readout Gaussian spatial
readout (Lurz et al.,
2021), Linear nonlinear
model with ELU +1
nonlinearity
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Projected gradient descent
(250 steps); simulated
annealing with restart; 100
independent runs

Gradient ascent

Ensemble of four identical
models trained with
different initialization;
Gaussian blur the image
after each step; Low pass
filter the gradient.

G (0, wy)
1

(27-[)2 (w725+w32")_a

Gradient ascent (1000
steps)

Ensemble of five models
trained with different
initialization (best 5 out of
10); Gaussian white noise
initialization; Gaussian
blur at each step; bound
maximum energy (L2
norm) of image; pixel
value clipping.

Optimize a transparency
mask to keep the most
informative part only.
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& central
IT,
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1.2.4 Comparison of Model-based and Model-free Adaptive Stimuli Selection
Adaptive Closed Loop Design

Model-free Model-based
Scalability - Efficient for smaller number of « Betterscalin forlargerﬂopulation,
neuron. could fit model and synthesize in
parallel.

Biological Validation * Getting biological validation online Need post hoc biological validation

- (onstrained by image parametriza- Biased by CNN model of the neuron,
Prior and biases tion (e.g. generative model) and the feature visualization esp.

- Biased by optimizer. reqularization technique.

Figure I-3 Comparison of Model-free and Model-based stimuli selection approach.

In the last two subsections, we reviewed the two families of adaptive stimuli sampling approaches,
here we will compare their pros and cons in detail. Interestingly, the difference between these two
families of approaches is parallel to the two camps of methods in reinforcement learning (RL) or control:
the model-free reinforcement learning (e.g. policy gradient, Q learning) versus model-based
reinforcement learning (e.g. control and planning). So, their advantages and disadvantages are also

analogous to those of the model-based versus model-free RL.

Online vs post hoc validation In model-free stimuli sampling, the optimizer directly interacts with
the response of neural system (i.e. the real environment in the RL sense). Thus, during the online
experiments, any increase in the neuronal firing rate is instantaneously validated to be a real biological
effect. However, there is some fear that the recording itself is not stable. To control the recording
condition, usually some fixed sets of stimuli are presented repeatedly as reference. In contrast, for model-
based method, the optimizer directly optimizes the activation of the computational model (i.e. the

simulated environment in RL sense), thus the proposed images need to be validated in the next session
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post hoc. For this reason, many works using model-based approach need two recording sessions in two

days to complete the cycle (Bashivan, Kar and DiCarlo, 2019; Walker et al., 2019).

Scalability The two camps of methods have interesting tradeoffs in their efficiency and scalability.
Online optimization (model-free) paradigm has the limitation that it is not parallelizable — where optimal
stimulus can only be synthesized one at a time; in contrast, for model-based sampling, after collecting
population responses to the training set and fitting the models for whole population, the optimal stimuli
can be synthesized offline for the whole population in parallel processing. Thus, for higher channel count
recordings, model-based stimuli sampling scales better (Willeke et al., 2023). In contrast, for fewer

neurons, model-free stimuli sampling methods can yield results faster online.

Prior and Biases For any system that leverages Al algorithms, there are priors and inductive biases
involved, so where are they? For model-free methods, the generative image model and the optimizer are
the major source of bias. In model-free approaches, usually some generative models of images are used:
works from Connor lab (Yamane et al., 2008a) used the geometric parametrization of 3d shapes; works
from Ponce lab (Ponce et al., 2019a) used image parametrization by pretrained deep image generator.
These image spaces and parametrizations constitute a form of prior and biases, e.g. some images are
easier to generate from the generative model and some other images are impossible to generate. In some
sense, the generator represents the hypotheses of researchers about the tuning and function of neurons.
The parametrization that suits the neuronal tuning will be easier to optimize, and vice versa. We

explicitly tested the alignment of neuronal tuning and different generative image manifolds in Chapter V.

Further, since the model-free method needs to perform optimization online, the hyperparameters of
optimizer and the initialization also introduce some prior and biases to the system. However, since the

experimenters usually have limited time with the subject (recorded neuron), it’s harder to benchmark
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different optimizers and their biases online. We have tried to characterize these in vivo and in silico in

Chapter II1.

For model-based stimuli sampling paradigms, the prior and biases come from the model and the
feature visualization algorithm. Similar to model-based control, any limitation or defect of the model
itself will affect the synthesized images and the further biological interpretation. In this case, since a deep
convolutional neural network (CNN) is used, the distribution of features in the CNN (instantiated as the
weights) affects the visualized features; more importantly, its adversarial vulnerability will create
adversarial artifacts that affect and deteriorate the feature visualization. To counter the model bias
problem, usually multiple CNN models are ensembled to create a less biased model of the neuron,
averaging out individual biases (Abbasi-Asl et al., 2018; Walker et al., 2019). To tackle the high-
frequency artifacts created by adversarial vulnerability, the feature visualization process is usually
regularized with multiple techniques. These techniques include, adding regularization loss in optimization
total variation loss, [, norm loss; random spatial jittering the image during optimization; Gaussian
blurring the image; Gaussian smoothing the gradient (see Table I-3). Further, in response to this problem,
many recent works used adversarial trained neural networks (e.g. ResNet50-robust) as the backbone (Guo
et al., 2022; Willeke et al., 2023), which were trained to be less vulnerable to adversarial attack and could

also create better feature visualization (Madry et al., 2017; Santurkar et al., 2019).

I.3 Natural Image Priors and Generative Models

Beyond the research focused on sampling natural images, another branch of study that has impacted

this thesis is concerned with understanding the structures inherent in natural images.

The task of visual system is to represent and analyze the visual input in nature, and it has been widely

conceived that the tuning properties of visual neurons are deeply rooted in the statistics of the natural
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world (Barlow H., 1961). As nicely stated by (Field, 1987), “an efficient sensory system should match its
analyzers to the nature of the signals it processes.” So, ever since the discovery of Gabor-like V1
receptive field by David and Hubel, understanding the statistical structure of natural images and using it
to study neural tuning has been a long tradition in visual neuroscience. As you would see, this tradition
influenced the computer vision community and the deep generative models nowadays. For the field of
computer science and signal processing, understanding the statistics of natural images is the key to data
compression (e.g. JPEG algorithm), image denoising, super resolution and building computer vision
systems. To reproduce the known statistical structure of images is the key to generative modelling of

images. Thus, this topic is of joint interest to both neuroscientists and computer scientists.

Not all combinations of pixels look like natural images, and natural images can be regarded as a much
narrower distribution among all possible pixel arrays R3*#*W _The support of this distribution can be
called “natural image manifold” which is used throughout the thesis. This term is not mathematically
exact, but it majorly captures two intuitions about the distribution of natural images, 1) the sense of low
dimensionality, as the valid natural images tend to be lower dimensional than all the pixels. 2) the fact
that locally not all directions of changing the image are equal. Some directions transform the image in a
valid way (“on manifold” directions), while some other directions distort the image non-sensibly (“off
manifold” directions). As this thesis focuses on understanding neuronal tuning on this natural image
manifold, it’s helpful to review some fundamental works for understanding this manifold.

1.3.1 Early Descriptive Image Statistics

What are some characteristics of this distribution? In (Field, 1987), they investigated the spectral

statistics of photographs. In their study, they found that, the spectra of natural photos are distinct from

noise: the amplitudes fall off as an inverse function of spatial frequency 1/f, in contrast, the white noise
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images have a flat spectrum. In other words, more power and variance are concentrated in lower
frequency than higher frequency for natural images. Since then, multiple works have reported more
detailed structure of this 1/f spectrum. (van der Schaaf and van Hateren, 1996) visualized the power on
the frequency plane and found natural images have more power along horizonal and vertical orientations.
In the seminal work of (Simoncelli and Olshausen, 2001), they analyzed the color distribution, correlation
length, spatiotemporal power spectra of natural images, etc. These early works to characterize natural
image statistics are summarized by an excellent review (Srivastava ef al., 2003). These general statistical

characteristics form the constraints of what we regarded as natural image.

How are image statistics related to higher level information? (Torralba and Oliva, 2003) analyzed the
spectra of natural images from different categories, they found many high-level information e.g. semantic
categories (face, scene, object), natural versus man-made environment, the distance of viewing objects,
all have their distinct spectral signatures. For example, the natural scenes usually have more isotropic
power distribution across orientation; while the man-made scenes usually have higher power
concentrated on horizontal and vertical directions. It’s conceivable that this statistical information can be
leveraged by brain and machine to distinguish between high level image category.

1.3.2 Early Generative Image Models

If we really understand the distribution of natural images, we should be able to sample from the
distribution and synthesize them. One intuitive idea is to generate images such that they conform to the
statistical signatures above. For example, the 1/f spectrum can be used to synthesize so-called “pink-
noise” images. But these images lack spatial structure. Fourier transform of the whole image obliterates
the spatial structure, in contrast, the wavelet transform retains spatial structures in addition to the spectral

structure. Using wavelet transforms, (Simoncelli and Portilla, 1998; Portilla and Simoncelli, 2000)
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characterized the joint distribution of wavelet coefficients for texture images. Further, they found that by
optimizing images such that their wavelet coefficients follow these distributions, it is enough to generate
naturalistic textures. In this regard, textures are defined by the 2"® order information of the wavelet
coefficient. This line of research laid the foundation for their later characterization of V2 (Freeman and
Simoncelli, 2011; Freeman et al., 2013; Ziemba et al., 2016), which showed that the V2 neurons are

sensitive to these 2" order statistics while V1 neurons are not.

In a classic line of work termed “dead leaves model” (Lee, Mumford and Huang, 2001), they focused
on the occlusion aspect of image forming. Namely, the natural scenes are usually formed by objects of
varying sizes occluding each other. By simulating this occlusion process, they could build images from
overlaying shapes. Other statistical models have also been used. Given the spatial nature of images, (Zhu,
Wu and Mumford, 1998) used Markov Random Field (MRF) to learn spatial statistics of natural textures.
(Zoran and Weiss, 2012) used Gaussian Mixture Model (GMM) to learn the image statistics of image
patches and reported state-of-the-art likelihood, denoising and generation results (in 2012). Further, they

proposed a link between GMM and “dead-leaf model”.

To summarize the theme, the early generative image models usually characterize the distribution of
features in certain feature space (e.g. Fourier, wavelet), with simpler parametric distributions e.g.
Gaussian, Laplace, or Gaussian Mixture. The intuition is, with a proper feature transformation, the
distribution of features will become simpler (more independent) and amenable to parametric fitting. The
concept of transforming images to a space where it could be modelled parametrically remains relevant

even for generative models today.
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1.3.3 Deep Generative Models

Before deep learning era, the image features are usually defined by human intuition (e.g. wavelet
features). Since the advent of deep learning revolution around 2012, deep neural networks were found to
be an automatic way of learning useful features from data. Thus, given this universal function
approximator and feature learning machine, how can we leverage them to model images? There are
several families of generative models, to name a few, Variational Autoencoder (VAE), Generative
adversarial networks (GAN), Energy-based model and Normalizing Flow, and the latest candidate of

Diffusion model. We will introduce the principles of some models and their relevance to this thesis.

Variational autoencoder was proposed in 2013 (Kingma and Welling, 2022), which was a simple
adaptation of autoencoder. It learns an encoder that maps images to lower dimensional latent vectors and
a decoder that maps latents to images. It has the simple objective of image reconstruction and a
regularization loss to make the distribution in latent space more Gaussian-like. These models are stable to
train, efficient to sample, and they have an invertible map from image space to latent space. However, in

practice, they tend to generate blurrier images.

Generative Adversarial Network Around 2014, the idea of GAN was proposed by Ian Goodfellow
(Goodfellow et al., 2020). The idea is to let a neural network (discriminator) be the judge of another
(generator). The discriminator learns to tell the generated images and real images apart, and the generator
learns to generate fake images against the discriminator. The generator maps a latent vector following a
simple distribution (Gaussian) to an image. In geometric terms, the generator learns to warp a simple low
dimensional distribution to the image space to match the target distribution, while the discriminator
provides adaptive guidance that pushes the warped distribution to match the target one as close as

possible. Throughout the years, numerous technical developments were gradually built into GAN to make
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its training stable, sample efficient and better scaling to large images (Radford, Metz and Chintala, 2015;
Karras et al., 2017, 2020; Brock, Donahue and Simonyan, 2018; Donahue and Simonyan, 2019; Karras,
Laine and Aila, 2019). For a long time (2014 ~ 2021), GAN has been the univocal king in the realm of

generative image models in terms of image quality and speed of sampling.

Further, as the GAN has a compact latent space, it is suitable as a model of natural image manifold.
As a mapping from lower dimensional space to image space, the generator of the GAN can be regarded
as a parametrization of manifold. For example, (Zhu et al., 2016) used pretrained GAN of certain image
dataset (e.g. shoes) as constraints for image editing. Using this constraint, edits on images can be
projected back onto the image manifold, enforcing it to be within the naturalistic distribution (e.g. still
being a proper shoes). In our thesis, we majorly used pre-trained GAN to parameterize image manifold
and analyze the neuronal tuning on this manifold. One caveat is that the GAN may not be as expressive
as we want, i.e. there are certain types of images that may be hard for the generator to create. Because of

this, by choosing certain GAN, we incorporate certain biases about the images.

Flow-based model The idea of normalizing flow, is to learn an invertible map between a simple
distribution (Gaussian) with the target distribution in the same dimension (Dinh, Krueger and Bengio,
2015; Dinh, Sohl-Dickstein and Bengio, 2017; Kingma and Dhariwal, 2018), where the map is
parametrized by a special designed neural network. With this map, we can sample from the simple
distribution and then map it to the target. Using the change of variable formula, we can evaluate the
probability density of generated samples exactly, which also allowed us to train the model with maximum
likelihood estimation (MLE). However, the flow-based model didn’t learn compact latent space, so it’s
less efficient for parametrizing images for our purpose, but on the other hand, it can be more expressive

than GANSs.
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Diffusion / score-based model Finally, diffusion model can be regarded as a modern reincarnation
of normalizing flow and variational autoencoder. It connects a Gaussian distribution with the target data
distribution with a diffusion process. By using a neural network to learn the gradient of the diffused data
distribution (score function), we can reverse the diffusion process and iteratively denoise a noise pattern
into image. Recently, these models have demonstrated that they can achieve higher image quality and
higher diversity than GANs (Dhariwal and Nichol, 2021). Further, the image generation process can be
easily controlled by additional conditional signal e.g. natural language prompt (Rombach et al., 2021).
Due to these desirable properties, these models have gained immense popularity and have taken the
community by storm since 2021. We will speculate on how our study could be generalized to these newer

image generative models in the final chapter (Sec. VIL.3.1).

In summary, we reviewed seminal works investigating the natural image distribution and generative
model of images. In the thesis, we selected generative adversarial networks as the major generative image

model, owing to its efficiency in sampling and its compact latent space.

1.4 Dynamics Encoding of Visual Neuron

Vision is dynamic. Even when the input images are static, the visual perception and the neuronal
responses evoked by the input are dynamic. In Section 1.1, 1.2, we mostly treated the visual system as a
static function, mapping image input to latent representations. Here, we’d like to refine this picture by
inspecting the dynamic response to images. What kind of information is encoded in different time
windows of the responses? This line of work has been summarized by the excellent review of (Hegdé,

2008). Here, we’ll review a few seminal results that influenced our understanding.

The classic result of (Sugase et al., 1999), proposed coarse to fine encoding in temporal response. By

computing the mutual information of stimuli category and individual neuronal responses, they found that
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the earlier responses of visual neurons in IT cortices transmit global information (broader categories,
monkey vs human), while the later sustained response gradually encoded finer-grained information
(different facial expressions or identities). Subsequently, their computational modelling work

(Matsumoto et al., 2005), proposed an attractor network to explain the observed information dynamics.

In a series of works focusing on shape encoding dynamics V1, V2 and V4, (Hegd¢ and Van Essen,
2004, 2006) found that, using 2d shape stimuli, the tuning sharpness of individual neurons in V1, V2 and
V4 was low during the transient response (peak of firing rate), and the sharpness increased in the later
response ((Hegdé and Van Essen, 2006) Fig. 4). On the population level, the initial responses of V2 and
V4 neurons were more correlated, and the later response become more decorrelated or fine-grained. In
geometric terms, the initial responses are lower dimensional (i.e. could be explained by fewer PCs), and

the later responses are higher dimensional (i.e. needs more PCs to explain).

In the study of shape processing in V4, (Brincat and Connor, 2006) used their shape tuning model to
analyze the dynamics of tuning in early and late response. They found that V4 neurons could be tuned to
multiple parts of the 2d contour, and the tuning to multiple parts could be linear additive; or these
multipart tuning could be nonlinear, i.e. neurons respond only when multiple parts present. There was
heterogeneity among V4 neurons: some are purely linear, some are purely nonlinear, and many mixing
these two types of tuning. But for all these neurons, usually the nonlinear tuning responses emerged and
peaked later (peaked at 184ms post onset) than the linear tuning responses (peaked at 122ms post onset).
This finding is consistent with the previous coarse-to-fine tuning result, as the nonlinear response
suggests more specific selectivity or finer tuning. They further suggested a more specific computational
mechanism for these dynamics, i.e. recurrent computation turning linear tuning to nonlinear tuning. Later,

using a similar design, (Yau et al., 2012) studied the dynamics of curvature tuning for V4 neurons. They
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found that the initial responses of V4 neurons could be better explained by linear addition of tuning to
individual line orientations (parts), while the later tuning is better explained by the nonlinear tuning to

both orientations and the relative angle between them (whole).

In higher visual cortices (e.g. IT), the later neural responses were found to be relevant to challenging
cases of object recognition (Kar et al., 2019). Throughout the response dynamics, the images hard to be
classified during perception could only be decoded better based on later responses than the earlier
responses. Further, the responses in later time windows were harder to predict through deep feedforward
neural networks models (AlexNet, VGG), and they could be better predicted by deeper CNN (ResNet,
Inception) or recurrent CNN model (CorNet-S (Kubilius et al., 2018)). This highlights the importance of

recurrent processing for understanding the later neuronal responses.

Taking it together, this line of research suggests that through recurrence the later response to static
images has more specific tuning to conjunction of features, and this more nonlinear and fine-grained
tuning could be used to solve difficult object classification problems. These works form the basis for our
results about the dynamics of neuronal tuning on the generative image manifold in Chapter IV and
Chapter VI. In our results, we also discovered that the neuronal tuning on generative image manifold was
broad at first, and then narrowed down to a sharper tuning peak. Further, we found that the tuning of later
neuronal responses in IT cortex was more aligned with object-based image manifold than pattern

manifold. These were consistent with the prior works we introduced.
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I.5 Structure and Contribution of the Thesis

Charting the Tuning Landscape
on the Image Manifold

ChapterV Chapter Vi
Chapter I What is on the contour of the landscape? What's the difference between

What's the geometric structure of /_\/ What is the relation of multiple peaks? tuning landscapes on different
image manifold? \ image manfiolds?

uoljealde |eins N

Chapter Il /

How to climb the mountains better?

Chapter IV

What is the shape of the peaks?
How long does it take to find it?
How does the landscape change through the ventral hierarchy?

Figure 1-4 Structure of the thesis and the driving questions for each chapter.

In this final part, let me illustrate the structure of the thesis research as a roadmap (Figure I-4). We
conceptualize the natural image as a manifold and the thesis aims at characterizing the visual neural code
as a landscape over this manifold. In Chapter II and III, we first develop the computational techniques to
study visual neurons. To understand neural tuning on a given space, we first need to understand the
structure of the image space well. In Chapter 11, we developed the computational tool and mathematical
framework to characterize the geometry of any generative image manifolds --- which is the stage on
which neuronal tuning will be charted (published in ICLR 2021). Next, we need efficient ways to
navigate this image manifold. In Chapter I1I, we benchmarked a series of evolutionary optimizers and
developed a better gradient-free optimizer for controlling neuronal firing rate and navigating the image
manifold leveraging the known geometry of the space (published in GECCO 2022). Starting Chapter IV,
V and VI, we conducted a set of neurobiological experiments, to chart the tuning landscape of neurons
across the ventral visual hierarchy. In Chapter IV, we used evolutionary algorithms to search for peaks of

tuning functions and characterized these tuning peaks for neurons throughout the ventral stream. Using

34



this data, we analyzed how local and global geometric characteristics of tuning landscapes changed along
the ventral stream (published in Cell Reports 2022). In Chapter V, we inspected the geometry of tuning
landscapes through the lens of level sets and analyzed other high-dimensional properties of tuning peaks
including the relationship between multiple peaks on the landscape (published in NeurReps 2022). In
Chapter VI, we studied the alignment of ventral stream neuronal tuning and multiple image manifolds by
comparing neuron-guided image evolution on a pattern-based and an object-based manifold (in
preparation). In Chapter VII, we discussed the open question and next steps in the intersection of

generative models and visual neuroscience.

1.6 My Work Outside the Thesis

In addition to the chapters in this thesis, I have also researched some other topics during my time in
graduate school.

One less mentioned aspect in the thesis is the characteristic of the images themselves locating at the
peaks of tuning function (prototypes). In (Rose, Johnson, Wang and Carlos R. Ponce, 2021), we analyzed
the image statistics of the prototypes for neurons from V1 to pIT and showed the progression of
complexity along the ventral hierarchy. Further, the prototypes from higher level neurons attract more
than average saccade for primates, highlighting the behavioral relevance of prototype images.

Another challenge for the neuron-guided image synthesis paradigm is how to leverage the large set of
irregularly sampled images and neural responses into a model of neuron to dissect its feature selectivity.
We answered this question in (Wang and Carlos R. Ponce, 2022a). We built a factorized convolution
model to predict the neuronal response within each Evolution experiment, and then perturb the model to

understand the key feature that drives the neurons.
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How visual representations are learned by biological systems is a grand open question that intrigues
me. It’s widely believed that self-supervised learning could be a potential learning scheme to train the
visual system. The key idea for contrastive learning is to train the representations of different views of the
same image to be similar and vice versa. So, what’s a plausible way to generate multiple views? In
(Wang et al., 2021), we proposed a biological plausible image transformation, namely warping the image
with the nonlinear mapping from retina to cortex i.e. cortical magnification. We found that this can be
used to augment images to learn visual representation in self-supervised learning algorithm (SimCLR).
This is like an existance proof for self-supervised learning in biological system: as the visual system
makes 2-3 saccades per second, training the cortical representation of natural scene to be similar across
saccades will be a potential way to train the visual system.

Further, I’'m also interested in understanding generative models and the source of their creative
power. In Chapter II, we dissected the latent space of generative adversarial network (GAN) with
differential geometry. Recently, diffusion models have gained high popularity. In (Wang and Vastola,
2023), we derived an analytical theory for the diffusion models, that could qualitatively explain many
aspect of diffusion (e.g. outlines are specified first and then the details) and quantitatively predict the
early phase of actual diffusion trajectory with analytical equations.

For a full list of my work during grad school please see my webpage at

scholar.harvard.edu/binxuw/publications.
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Chapter II : Geometry of Natural Image
Manifold in Generative Adversarial Network

Abstract

Generative adversarial networks (GANs) have emerged as a powerful unsupervised method to model
the statistical patterns of real-world data sets, such as natural images. These networks are trained to map
random inputs in their latent space to new samples representative of the learned data. However, the
structure of the latent space is hard to intuit due to its high dimensionality and the non-linearity of the
generator, limiting the usefulness of the models. Understanding the latent space requires a way to identify
input codes for existing real-world images (inversion), and a way to identify directions with known image
transformations (interpretability). Here, we use a geometric framework to address both issues
simultaneously. We develop an architecture-agnostic method to compute the Riemannian metric of the
image manifold created by GANs. The eigen-decomposition of the metric isolates axes that account for
different levels of image variability. An empirical analysis of several pretrained GANs shows that image
variation around each position is concentrated along surprisingly few major axes (the space is highly
anisotropic) and the directions that create this large variation are similar at different positions in the space
(the space is homogeneous). We show that many of the top eigenvectors correspond to interpretable
transforms in the image space, with a substantial part of eigenspace corresponding to minor transforms
which could be compressed out. This geometric understanding unifies key previous results related to
GAN interpretability. We show that the use of this metric allows for more efficient optimization in the
latent space (e.g. GAN inversion) and facilitates unsupervised discovery of interpretable axes. Our results
illustrate that defining the geometry of the GAN image manifold can serve as a general framework for

understanding GAN:S.
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II.1 Background

Generative adversarial networks (GANs) learn patterns that characterize complex datasets, and
subsequently generate new samples representative of that set. In recent years, there has been tremendous
success in training GANs to generate high-resolution and photorealistic images (Karras ef al., 2017,
2020; Brock, Donahue and Simonyan, 2018; Donahue and Simonyan, 2019; Karras, Laine and Aila,
2019). Well-trained GANs show smooth transitions between image outputs when interpolating in their
latent input space, which makes them useful in applications such as high-level image editing (changing
attributes of faces), object segmentation, and image generation for art and neuroscience (Zhu et al., 2016;
Pividori, Grinblat and Uzal, 2019; Ponce et al., 2019a; Shen and Zhou, 2020; Wang and Carlos R. Ponce,
2022d). However, there is no systematic approach for understanding the latent space of any given GAN

or its relationship to the manifold of natural images.

Because a generator provides a smooth map onto image space, one relevant conceptual model for
GAN latent space is a Riemannian manifold. To define the structure of this manifold, we have to ask
questions such as: are images homogeneously distributed on a sphere? (White, 2016) What is the
structure of its tangent space — do all directions induce the same amount of variance in image
transformation? Here we develop a method to compute the metric of this manifold and investigate its

geometry directly, and then use this knowledge to navigate the space and improve several applications.

To define a Riemannian geometry, we need to have a smooth map and a notion of distance on it,
defined by the metric tensor. For image applications, the relevant notion of distance is in image space
rather than code space. Thus, we can pull back the distance function from the image space onto the latent

space. Differentiating this distance function on latent space, we will get a differential geometric structure
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(Riemannian metric) on the image manifold. Further, by computing the Riemannian metric at different
points (i.e. around different latent codes), we can estimate the anisotropy and homogeneity of this

manifold.

The paper is organized as follows: first, we review the previous work using tools from Riemannian
geometry to analyze generative models in Section I1.2. Using this geometric framework, we introduce an
efficient way to compute the metric tensor H on the image manifold in Section II.3, and empirically
investigate the properties of H in various GANs in Section 11.4. We explain the properties of this metric
in terms of network architecture and training in Section I1.5. We show that this understanding provides a
unifying principle behind previous methods for interpretable axes discovery in the latent space. Finally,
we demonstrate other applications that this geometric information could facilitate, e.g. gradient-free

searching in the GAN image manifold in Section II.6.

I1.2 Related Work

Geometry of Deep Generative Model Concepts in Riemannian geometry have been recently applied to
illuminate the structure of latent space of generative models (i.e. GANs and variational autoencoders,
VAESs). (Shao, Kumar and Thomas Fletcher, 2018) designed algorithms to compute the geodesic path,
parallel transport of vectors and geodesic shooting in the latent space; they used finite difference together
with a pretrained encoder to circumvent the Jacobian computation of the generator. While promising, this
method did not provide information of the metric directly and could not be applied to GANs without
encoders. (Arvanitidis, Hansen and Hauberg, 2017) focused on the geometry of VAEs, deriving a
formula for the metric tensor in order to solve the geodesic in the latent space; this worked well with
shallow convolutional VAEs and low-resolution images (28 X 28 pixels). (Chen et al., 2018) computed

the geodesic through minimization, applying their method on shallow VAEs trained on MNIST images
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and a low-dimensional robotics dataset. In the above, the featured methods could only be applied to
neural networks without ReLLU activation. Here, our geometric analysis is architecture-agnostic and it’s
applied to modern large-scale GANs (e.g. BigGAN, StyleGAN?2). Further, we extend the pixel L2

distance assumed in previous works to any differentiable distance metric.

I1.3 Methods

Formulation A generative network, denoted by G, is a mapping from latent code z to image I, G : R™ —
J = REXW X3 7 |. Borrowing the language of Riemannian geometry, G(z) parameterizes a
submanifold in the image space with z € R™. Note for applications in image domain, we care about
distance in the image space. Thus, given a distance function in image space D:J X 7 - R, (I;,1,) » L,

we can define the distance between two latent codes as the distance between the images they generate,

i.e. pullback the distance function to latent space through G.
d:Rn XRn - R+, d(Zl,Zz) = D(G(Zl), G(Zz))

The Hessian matrix (second order partial derivative) of the squared distance function d? can be seen
as the metric tensor of the image manifold (Palais, 1957). The intuition behind this is as follows: consider
the squared distance to a fixed reference vector z, as a function of z, f, (z) = d?*(z,, z). Obviously, z =
Z, is a local minimum of f;, (z), thus f, (z) can be locally approximated by a positive semi-definite
quadratic form H(z,) as in Eq. (II-2). This matrix induces an inner product and defines a vector norm,
llv|l? = vTH(zy)v. This squared vector norm approximates the squared image distance, d?(z,, z +
8z) =~ ||6z||? = 6zT H(z,)6z. Thus, this matrix encodes the local distance information on the image

manifold up to second order approximation. This is the intuition behind Riemannian metric. In this
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article, the terms “metric tensor” and “Hessian matrix” are used interchangeably. We will call ay (v) =

THY

vTy

the approximate speed of image change along v as measured by metric H.

T 0%2d%(20,2)
dz2

d?(zy,z) ~ 6z |2,02 (1I-1)

azdz(ZOﬁZ)
972 IZO

H(zo) = (11-2)

Numerical Method As defined above, the metric tensor H can be computed by doubly differentiating the
squared distance function d?. Here we use a convolutional neural network (CNN)-based distance metric,
LPIPS (Zhang et al., 2018), as it has been demonstrated to approximate human perceptual similarity
judgements. The direct method to compute Hessian is by building a computational graph towards the
gradient g(z) = 9,d? | 2=z, and then computing the gradient towards each element in g(z). This method
computes H column by column, therefore its time complexity is proportional to the latent-space

dimension n and the backpropagation time through this graph.

For situations when direct backpropagation is too slow (e.g. FC6GAN, StyleGAN2), we developed an
approximation method to compute the major eigen-dimensions of the Hessian more efficiently. These top
eigen-pairs are useful in applications like optimization and exploration; moreover, they form the best
low-rank approximation to the Hessian. As we will later discover, the spectra of these Hessians have a
fast decay, thus far less than n eigenvectors are required to approximate them, cf. Sec 11.4.2. As a matrix,
the Hessian is a linear operator, which could be defined as long as one can compute the Hessian vector
product (HVP). Since the gradient to z commutes with inner product with v, HVP can be rewritten as the
gradient to v7 g, or the directional derivative along v to the gradient g(z) (Eq.2). The first form

d, (UT g(z)) is easy to compute in reverse-mode auto-differentiation, and the directional derivative is
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easy to compute in forward-mode auto-differentiation (or finite differencing). Then, Lanczos iteration is
applied to the HV P operator defined in these two ways to solve the largest eigen pairs, which can
reconstruct an approximate Hessian matrix. The iterative algorithm using the two HV P definitions are
termed Backward Iteration and Forward Iteration respectively. For details and efficiency comparison, see

Appendix I1.8.2.

HVP:v - Hv = 0,(vTg(2)) = v79,9(2)

_ gz+rv) —glz—rv)
2|rv|l

Note a similar computational method has been employed to understand the optimization landscape of
deep neural networks recently (Ghorbani, Krishnan and Xiao, 2019), although it has not been applied

towards the geometry of latent space of GANs before.

Connection to Jacobian This formulation and computation of the Riemannian metric is generic to any
mapping into a metric space. Consider a mapping ¢ (z): R™ —» RM, which could be the feature map of a
layer in the GAN, or a CNN processing the generated image. We can pull back the squared L2 distance

and metric from RY | d%(z,,2,) = |lo(z,) — ¢(2,)||?, and define a manifold.

The metric tensor Hy, of this manifold can be derived as Hessian of d?. Note, there is a simple
relationship between the Hessian of d?, H,, and the Jacobian of ¢, J,, (Eq. II-3). Through this we know
the eigenvalues and eigenvectors of the Hessian matrix Hy, correspond to the squared singular values and
right singular vectors of the Jacobian J,. This allows us to examine the geometry of any representation

throughout the GAN, and analyze how the geometry in the image space builds up.
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Hy(20) = 5219 (20) = D@31, = Jg (20) T (z0)  (11-3)

2

2
)

’UTH¢(Z0)'U = ||]¢(Z0)17| ]qb(ZO) = az¢(z)lzo

In this work, we use LPIPS, which defines image distance based on the squared L2 distance of the
first few layers of a pretrained CNN. If we concatenate the activations and denote this representational
map by ¢p(I): 7 - RF, then the metric tensor of the image manifold can be derived from the Jacobian of

the composite of the generator and the representation map ¢,
H(2) = Jgoo Jpoer  Jpoc = 0:0(G(2))

This connection is crucial for understanding how geometry depends on the network architecture.

I1.4 Empirical Observations
Using the above method, we analyzed the geometry of the latent space of the following GANs:

DCGAN (Radford, Metz and Chintala, 2015), DeePSiM / FC6GAN (Dosovitskiy and Brox, 2016b),
BigGAN (Brock, Donahue and Simonyan, 2018), BigBiGAN (Donahue and Simonyan, 2019),
Progressive Growing of GANs (PGGAN) (Karras ef al., 2017), StyleGAN 1 and 2 (Karras, Laine and
Aila, 2019; Karras et al., 2020) - model specifications reviewed in Sec. 11.8.3. These GANs are
progressively deeper and more complex, and some employ a style-based architecture instead of the
conventional DCGAN architecture (e.g. StyleGAN 1,2). This diverse set of models allowed us to test the
broad applicability of this new approach. In the following sections, “top” and “bottom” eigenvectors refer

to the eigenvectors with large and small eigenvalues.
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I1.4.1 Top Eigenvectors Capture Significant Image Changes.
In differential geometry, a metric tensor H captures an infinitesimal notion of distance. To determine

whether this quantity represents evident image changes, we randomly picked a latent code z,, then
computed the metric tensor H(z,) and its eigen-decomposition H(zy) = ¥; 4;v;v] . Then we explored
linearly ! in the latent space along the eigenvectors G (z, + u;v;). We found that images changed much
faster when moving along top than along bottom eigenvectors, both per visual inspection and LPIPS
(Figure II-1). More intriguingly, eigenvectors at different ranks encoded qualitatively different types of
changes; for example, in BigGAN noise space, the top eigenvectors encoded head direction, proximity
and size; while lower eigenvectors encoded background changes, shading or much more subtle pixel-wise
changes. Moreover, PGGAN and StyleGANSs trained on the face dataset (CelebA, FFHQ) have top
eigenvectors that represent similar interpretable transforms of faces, such as head direction, sex or age
(Figure I1-10). These observations raised the possibility that top eigenvectors also captured perceptually

relevant changes: we tested this directly with positive results in Sec. 11.6.1.

! For some spaces, we used spherical linear exploration (i.e. SLERP), where we restrict the vector to a sphere of certain norm.
We project v; onto tangent space of z, and travel on the big circle from z, along v;.
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Figure II-1 Images change at different rates along top vs bottom eigenvectors. Each panel
(A-D) shows perturbations around a randomly chosen reference image (center column); each
row shows perturbations introduced by moving along each of five eigenvectors; each contiguous
column is separated by the same distance in latent space. Eigenvectors are shown in descending
order of their eigenvalues. Line plots under each montage show the LPIPS image distance to the
reference image as a function of positively and negatively perturbed distance along each
eigenvector (x-axis). The rate of image change differed across eigenvectors; top vs bottom
eigenvectors encoded changes such as object class, head direction, pose, color, shading or other
subtle details (e.g. fur variations in panel A, bottom). Eigenvector rank and associated eigenvalue
labeled in the legend.

I1.4.2 Spectrum Structure of GANs

To explore how eigenvalues were distributed, for each GAN, we randomly sampled 100-1000 z
vectors in the latent space, used backpropagation to compute H(z) and then performed the eigen-
decomposition. In Figure I1-2, we plotted the mean and 90% confidence interval of the spectra and found
that they spanned 5-10 orders of magnitude, with fast decays; each spectrum was dominated by a few

eigenvectors with large eigenvalues. In other words, only a small fraction of dimensions was responsible
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for major image changes (Table II-2), while most dimensions induced nuanced changes (e.g. shading,

background) — thus GAN latent spaces were highly anisotropic.

We found this anisotropy in every GAN we tested, which raises the question of why it has not been
discussed more frequently. One possibility is that the statistical properties of high dimensionality create

an illusion of isotropy. When traveling along a random direction v in latent space, the approximate rate of

vTHv

image change ay(v) = is a weighted average of all eigenvalues as in Eq. 9. In Sec 11.8.6, we show

vTy
analytically that the variance of aj (v) across random directions will be 2/(n + 2) times smaller than
the variance among eigenvalues {4;}. For example, in BigGAN latent space (256 dimensions), the
eigenvalues span over six orders of magnitude, while the a(v) for random directions has a standard
deviation less than one order of magnitude (Figure I1-2, Figure I1-6). Further, the center of this

distribution was closer to the top of the spectrum, and thus provided a reasonable rate of change, while

masking the existence of eigen-dimensions of extremely large and small eigenvalues.
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Figure I1-2 Spectra of GANs, shown as a function of individual model (A) and types of
architecture (B, C). DCGAN-type (green-blue), Z and W space for StyleGAN (SG1, 2) (red,
orange). Lines and shaded areas show the averaged spectra and the 5-95% percentile of each
eigenvalue among samples (for quantification, see Table 2). D. Histogram of approximate speed
of image change a(v) for eigenvectors and random directions, visualizing the “illusion of
isotropy”’.

11.4.3 Global Metric Structure

Because the metric H(z) describes local geometry, the next question is how it varies at different
positions in the latent space. We computed the metric H(z) at randomly selected z and examined their
similarity using a statistic adopted from (Kornblith et al., 2019). In this statistic, we applied the
eigenvectors U; = [uy,...uy] from a metric tensor H; at position z; to the metric tensor H; at z;, as
uiTH]-ui. These values formed a vector 4;;, representing the effects of metric H; on eigenvectors of H;.
Then we computed the Pearson correlation coefficient between A;; and the target eigenvalues, 4;, as
corr(Aj, A;;). This correlation measured the similarity of the action of metric tensors on eigenframes
around different positions. As the spectrum usually spanned several orders of magnitude, we computed

Hlog

the correlation on the log scale C;; ™, where the eigenvalues distribute more uniformly.

Ayj = diag(U H(z;)U;)
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Ci’]’- = corr(/lij,/lj), Cglog = corr (log(/ll-j),log(/lj))

Using this correlation statistic, we computed the consistency of the metric tensor across hundreds of
positions within each GAN latent space. As shown in Figure I1-3C, the average correlation between
eigenvalues and vHv values of two points Cy;4 Was 0.934 in BigGAN. For DCGAN-type architecture,
mean correlations on the log scale ranged from 0.92 — 0.99; for StyleGAN-1,2, 0.64 — 0.73 in the Z
space, and 0.87 — 0.89 in the W space (Figure II-3D, Table I1-4). Overall, this shows that the local
directions that induce image changes of different orders of magnitude are highly consistent at different
points in the latent space. Because of this, the notion of a “global” Hessian makes sense, and we

estimated it for each latent space by averaging the Hessian matrices at different locations.
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Figure I1-3 Globalization of metric structure: A. Schematic of the geometric picture. In the
latent space (green area), the metric eigen frames at each point (blue and violet) are mapped to
transformations in image space (blue area); the length and saturation of image-space vectors
represent the eigenvalue (i.e. amplification factor) of G. We show that the top eigen space are
relatively aligned at different positions. B. Distributions of log(4;;) and log(4;), showing the

action of metric are correlated at 3 different points. C. Histogram of correlation CHlog between
all pairs among 1000 points in BigGAN space. D. Comparison of correlation values on linear
and log scales for different GAN models. DCGAN-type (blue), Z and W space for StyleGAN1,2
(red and orange)

I1.4.4 Implication of the Null Space

As the spectra have a large portion of small eigenvalues and the metric tensors are correlated in space,
the bottom eigenvectors should create a global subspace, in which latent traversal will result in small or
even imperceptible changes in the image. This is supported by our perceptual study, as over half of the
subjects cannot see any change in image when latent vector moves in bottom eigenspace. (Sec. 11.6.1).
This perceptually “null” space has implications about exploration in the GAN space and interpretable
axes discovery. As G(z + v) = G(z), if one axis u encodes an interpretable transform G(z) — G(z + u),
then shifting this vector by a vector in the null space v will still result in an interpretable axis G (z) —

G(z+ v+ u) = G(z+ u). Thus, each interpretable axis has a family of “equivalent” axes which encode
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similar transforms, differing from each other by a vector in “null” space. However, adding component v
in the null space will decrease the rate of image change along that axis. In this sense, the vectors using the
smallest step size to achieve that transform should be the “purest” axes of the family. Further, the cosine
angle between two interpretable axes may not represent the similarity of the transforms they encode. A
large angle can be found between two axes of the same family but at different image traversal speed. We
compared the axes from previous works in Appendix I1.8.9, 11.8.10 and observed that projecting out a

large part of their axes did not affect the semantics it encoded (Figure I1-8, Figure I11-9).

I1.5 Mechanism

Above, we showed an intriguingly consistent geometric structure across multiple GANs. Next, we
sought to understand how this structure emerged through network architecture and training. To link the
metric tensor to the generator architecture, it is helpful to highlight the relationship between the metric
tensor and Jacobian matrix H(z) = ]ch Jpoc (Eq. 11-3). As the latent space gets warped and mapped onto
image space, directions in latent spaces are scaled differently by the Jacobian of the map; specifically,
directions that undergo the most amplification will become the top eigenvectors (Figure 11-4 A). As the
Jacobian of the generator is a composition of Jacobians of each layer di;, the scaling effect on the image
manifold is a product of the scaling effects of each intermediate layer. We can analyze the scaling effect
of different layers 1; by applying a set of vectors onto the metric tensors of these layers Hy,.. In BigGAN,
when we apply the eigenvectors of the first few layers onto the metric of other layers, the top
eigenvectors are still strongly amplified by subsequent layers, thus forming the top eigendimensions of
the manifold. Of note, this is not true for a weight-shuffled control BigGAN: in that case, the top eigen-
dimension of the first few layers was not particularly amplified on the image manifold, and vice versa

(Figure I1-4 B). This shows that the amplification effect of layers becomes more aligned through
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training, with the top eigenspace shared across layers. Further, as the amplification effects are not lined
up across layers of weight shuffled networks, these networks should exhibit a more isotropic geometry on
their image manifold. Indeed, we find their spectra to be flatter and the largest eigenvalue smaller

(Figure II-7).

I1.6 Applications
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Figure II-4 Anisotropy is induced and maintained throughout the GAN architecture. A. As latent
space gets warped and mapped into image space, directions in latent spaces are scaled differently by the
Jacobian of the map. B. Amplification of eigenvectors of the metric tensor of the first conv layer
(GenBlock00) in all major layers in BigGAN. C. Same, but for weight-shuffled BigGAN.

By defining the geometry of the latent space via the metric tensor, we gain an understanding of which
directions in this space are more informative than others. This understanding leads to improvements in
three applications: 1) finding human-interpretable axes in the latent space, 2) improving gradient- based
optimizers, 3) accelerating gradient-free search.

I1.6.1 Interpretable Axes Discovery

When users wish to manipulate generated images via their latent code, it is useful to reduce the
number of variables needed to effectuate that manipulation. Our method provides a systematic way to
compute the most informative axes (top eigenspace) in the latent space to use as variables, and the
resulting eigenvalues can serve to compute appropriate step sizes along each corresponding axes. We

visualized the image changes corresponding to the top eigenvectors in BigGAN, BigBiGAN, PGGAN,

52



StyleGAN1,2 (Figure II-1). We found many of these eigenvectors appeared to capture interpretable

transformations like zooming, head direction and object position, consistent across reference image.
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I1-5 Applications of the Riemannian metric tensor A. Perceptual properties of eigenvectors.
Word cloud shows subjects’ descriptions (N = 24) of the image transforms induced by the top-
(red) vs. the bottom eigenvector (black) in StyleGAN2-Face. B. Distribution of difficulty scores
associated with top- vs. bottom eigenvectors (red, black) across all four GANs for N = 185
subjects. Lines show mean frequency + standard error (per bootstrap). C-E. Eigenbasis pre-
conditioning improves GAN inversion. C. BasinCMA with eigenbasis pre-conditioning (Hess,H)
outperformed a method using normal basis (None,N) in inverting ImageNet and BigGAN
generated images; D. Examples of fitted ImageNet and BigGAN images with our Hessian
BasinCMA and original method (LPIPS distance below). E. Results for PGGAN and
StyleGAN?2 inverting samples from CelebA and FFHQ. F. Hessian-CMAES (Hess) outperforms
CMAES (Orig) in maximizing CNN activation in BigGAN, and increases sampling efficiency in
FC6GAN latent space. Each line represents a different layer of optimized units in AlexNet. ***

denotes paired t-test p < 1 x 1076,

To test if this was apparent to people other than the authors, we conducted a study using Amazon’s

Mechanical Turk. We tested the perceptual properties of the axes identified by the metric tensor,
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including the top 10 eigenvectors, random vectors orthogonal to the top 15d eigenspace, and bottom 10
eigenvectors. Images were generated using four different GANs (PGGAN, BigGAN noise space,
StyleGAN2-Cat and -Face), and were presented to 185 participants. In each trial, five randomly sampled
reference images were perturbed along a given axis, and participants were asked if they could a) perceive
a change, b) indicate an estimate of its magnitude [0%-100%] c) describe a common change in their own
words and how many of the five images shared this change, c) indicate how similar were the 5 image
changes (consistency, score of 1-9, 9 most similar) and finally, d) state how difficult it was to describe

this change (difficulty score, scale of 1-9, 9 most difficult).

Only 48.5% of the subjects reported seeing any change happen for bottom eigenvectors, while the
fraction was 93.5% and 89.8% for top and orthogonal directions respectively. Further, when subjects
observed some change, they reported that the image transformations induced by top eigenvectors were
larger (70.3% + 0.6%) than those of orthogonal directions (66.8% + 0.9%, p = 7.0 X 10™%, two-sample
T-test) and than those of bottom eigenvectors (61.5% + 1.6%, p = 2.1 X 10719). This was true even
though we picked a step size in the top eigenspace that was 5-10 times smaller than in the orthogonal and
bottom eigenspaces. Further, subjects reported the top 10 eigenvectors had a higher mean perceptual
consistency score (6.72 + 0.06,n = 929 responses) than the orthogonal (6.42 + 0.09,P =
5.8 X 1073, n = 448 responses) and bottom eigenvectors (6.12 + 0.14,P = 1.3 X 1075, n =242
responses). Participants reported that the top eigenvectors were easier to interpret (4.91 + 0.08) than the
bottom eigenvectors (5.69 + 0.14,p = 3.8 x 10~°, albeit comparably to the orthogonal eigenvectors
4.82+£0.11, P=0.5). Thus, overall, we conclude that the Hessian eigenvectors not only capture

informative axes of image transformations, but that these were also perceptually relevant, corresponding

54



to similar semantic changes when applied to different reference vectors (Figure II-11) — axes
interpretable not just in local sense, but in a global sense.
11.6.2 Improving Gradient-Based GAN Inversion.

For applications like GAN-assisted drawing and photo editing (Zhu et al., 2016; Shen and Zhou,
2020), one crucial step is to find a latent code corresponding to a given natural image (termed GAN
inversion). For this problem, one basic approach is to minimize the distance between a generated image

and the target image z* = arg min D(G(z), ). Although second-order information (Hessian) is valuable
VA

in optimization, they are seldom used as they are expensive to compute and update. However, since we
find that the local Hessians are highly correlated across the latent space, we can pre-compute it once for
each latent space and use the global average Hessian to boost first-order optimization. As an example,
ADAM is a first-order optimization algorithm that adapts the learning rate of each parameter separately
according to the moments of gradients on that parameter (Kingma and Ba, 2015). It can be seen as a
quasi-second order optimizer that approximates a diagonal Hessian matrix based on first-order
information. However, if the true Hessian is far from diagonal, i.e. the space is anisotropic and the valley

is not aligned with the coordinates, then this approximation could work poorly.

To test whether the metric can help overcome this problem, we used the eigenvectors of the global
average Hessian to rotate the latent space; this orthogonal change of variables should make the Hessian
more diagonal and thus accelerate ADAM. This method can be seen as a preconditioning step which
could be inserted into any pipeline involving ADAM. We tested this modification on the state-of-the-art
algorithm for inverting BigGAN, i.e. BasinCMA (Huh ef al., 2020), which interleaves ADAM and
CMAES steps. We used our Hessian eigenbasis in the ADAM steps, and found that we could consistently

lower the fitted distance to the target when inverting ImageNet and BigGAN-generated images (Figure
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I1-5). Similarly, eigenbasis reconditioning consistently improved inversion of PGGAN and StyleGAN2-
Face for real image sampled from both FFHQ and CelebA using ADAM method. In short, the
understanding of homogeneity and anisotropy of the latent space can improve gradient-based
optimization.
I1.6.3 Improving Gradient-Free Search in Image Space

In some domains, it is important to optimize objectives in the absence of a gradient, for example, in
black-box attacks against image recognition systems via adversarial images, when searching for activity-
maximizing stimuli for neurons in primate visual cortex, or when optimizing perceptual evaluation in the
user (Ponce et al., 2019b; Chiu ef al., 2020; Xiao and Kreiman, 2020; Wang and Carlos R. Ponce,
2022b). These applications usually involve a low-dimensional parameter space (such as GANs) and an
efficient gradient-free search algorithm, such as covariance matrix adaptation evolution strategy
(CMAES). CMAES explores the latent space using a Gaussian distribution and adapts the shape of the
Gaussian (covariance matrix) according to the search history and local landscape. However, online
learning of a covariance matrix in high-dimensional space is computationally costly, and inaccurate
knowledge of it can be detrimental to optimization. Here we applied the prior geometric knowledge of the
space to build the covariance matrix instead of learning it from scratch. For example, as illustrated by
natural gradient descent (Amari, 1998), one simple heuristic for optimizing on the image manifold is to
move in smaller steps along dimensions that change the image faster to avoid overshoot. We built in this
heuristic to improve CMAES, termed CMAES-Hessian. With our method, the search can be limited to
the most informative directions, which should increase sampling efficiency; further, our method tunes the
exploration step size in a way that is inversely proportional to the rate of image change. To test this
approach, we applied our CMAES-Hessian algorithm to the problem of searching for activation

maximizing stimuli for units in AlexNet (Nguyen ef al., 2016) in the latent space of FC6GAN and
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BigGAN. We found that the dimension of the search space could be reduced from 4096 to 500 for
FC6GAN without impairing maximal activation values. Further, we found that CMAES-Hessian
consistently led to higher activation values compared to the classic CMAES algorithm in BigGAN space

(Figure II-5F).

I1.7 Discussion and Future Directions

In this work, we developed an efficient and architecture-agnostic way to compute the geometry of the
manifold learnt by generative networks. This method discovers axes accounting for the largest variation
in image transformation, which frequently represent semantically interpretable changes. Subsequently,
this geometric method can facilitate image manipulation, increase explainability, and accelerate

optimization on the manifold (with or without gradients).

There have been multiple efforts directed at identifying interpretable axes in latent space using
unsupervised methods, including (Ramesh, Choi and LeCun, 2018; Harkonen et al., 2020; Peebles et al.,
2020; Shen and Zhou, 2020; Voynov and Babenko, 2020). Our description of the connection between the
metric tensor of the image manifold and the Jacobian matrices of intermediate layers unifies these
previous results. As we have showed, the top right singular vectors of the weights (i.e. Jacobian) of the
first few layers (as used in (Shen and Zhou, 2020)), correspond to the top eigenvectors of the metric
tensor of the image manifold, and these usually relate to interpretable transforms. Similarly, the top
principal components (PCs) of intermediate layer activations (Harkonen et al., 2020) roughly correspond
to the top left singular vectors of the Jacobian, thus also to the interpretable top eigenvectors of the metric
on the image manifold. Likewise, (Ramesh, Choi and LeCun, 2018) also observed that the top right
singular vectors of the Jacobian of G are locally disentangled. Regarding (Voynov and Babenko, 2020)

and (Peebles et al., 2020), we empirically compared their interpretable axes and our eigenvectors, and
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found that in some of the GANs, the discovered axes have a significantly larger alignment with our top
eigenspace and they are highly concentrated on individual top axes than expected from random mixing.

We refer readers to Appendix 11.8.9, 11.8.10 and Figure I1-8, Figure II-9 for further comparison.

Although we have answered how this anisotropy comes into being mechanistically, there remains the
question of why it should exist at all. Anisotropy may result from gradient training: theoretical findings
on deep-linear networks for classification show that gradient descent aligns the weights of layers,
resulting in a highly anisotropic Jacobian (Ji and Telgarsky, 2018). Whether that analysis transfers to the

setting of generative networks remains to be investigated.

Alternatively, assuming that a well-trained GAN faithfully represents the data distribution, this
anisotropy may reveal the intrinsic dimensionality of the data manifold. Statistical dependencies of
variation in real-world images imply that the images reside in a statistical manifold of much lower
dimension. Further, among transformations that happen on this manifold, there will be some dimensions
that transform images a lot and some that do not. In that sense, our method may be equivalent to
performing a type of nonlinear PCA of the image space through the generator map. In fact, we have
found that GANSs trained on similar datasets (e.g. PGGAN, StyleGAN1,2 trained on the human face
dataset CelebA,FFHQ) have top eigenvectors that represent the same set of transforms (e.g. head
direction, gender, age; Figure I1-10). This supports the “PCA” hypothesis, as these transformations may
account for much of the pixelwise variability in face space; the GANSs are able to learn to represent these

transformations as linear directions, which our method can then identify.

This further raises the intriguing possibility that if the dataset is actually distributed on a lower

dimensional space, one could learn generators with smaller latent spaces; or alternatively, it may be easier
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to learn generators with large latent spaces and reduce them after intensive training. These are questions

worth exploring.
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I1.8 Appendix

I1.8.1 Connection To Information Geometry
It is useful to compare our work to the “information geometry” (Amari, 2016) on the space of

distributions. In that formulation, KL divergence is a pseudo-metric function on the space of
distributions, and its Hessian matrix towards parameters of distribution is the Fisher information matrix.
In information geometry, this Fisher information matrix could be considered as the metric on the
manifold of distributions; this metric information can be further used to assist optimization on the
manifold of distributions, termed natural gradient descent (Amari, 1998). In our formulation, the squared
image difference function D? is analogous to this KL-divergence; the image G (z) as parameterized by
latent code z is analogous to the distribution pg parameterized by 6. The metric tensor we computed is
comparable to the Fisher information matrix in their setting. Thus, our way of using metric information to
assist optimization on manifold is analogous to natural gradient descent.
I1.8.2 Methods for Computing the Hessian

One direct way to compute the Hessian of a given scalar function (e.g. squared distance d? in our
case), is to compute g, (z) = 0,d?|,= 24> Cr€ate a computational graph from code z to the gradient

9z,(2), and back propagate from gradient vector g, (z) element by element. In this way the

computational time is linear to time of a single backward pass times the latent space dimension n.

Given a large latent space or a deep network (e.g. 4096 dimensions in FC6GAN, or 512 in
StyleGAN?2), this method can be very slow. An efficient way is to use the Hessian vector product (HVP)
operator and iterative eigenvalue algorithms like power iteration or Lancsoz iterations to solve the
eigenvectors corresponding to eigenvalues of largest amplitudes. These largest eigen pairs create the best

low rank approximation to the real Hessian matrix. Note that, to find the smallest amplitude eigen pairs,
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inverse Hessian vector product operator is required, which is much more expensive to compute.
However, as the eigenspace with the smallest eigenvalues represent directions that do not change images
much, the exact eigenvector does not matter. We can just define an arbitrary basis in the “null” space

orthogonal to the eigenspace with large amplitude eigenvalues.

There are two ways to construct a HVP operator: one way uses the 2nd order computational graph
from z to the gradient g(z) to compute HVP by back-prop, i.e. HV Py, kwara; the other way uses finite
difference on the first-order gradient to compute HVP i.e. HV Propyqrq. As it does not require
backpropagation, a single operation of HV Py gy qrq 18 faster than HV Ppgcxparq but it is less accurate and
takes more iterations to converge. We use the ARPACK (Lehoucq, Sorensen and Yang, 1998)

implementation of the Lanczos algorithm as our iterative eigenvalue solver.

HVPpackwara: vV = az(ng(Z))

g(z+ev) —g(z—e€v)
2e||vl

HVPforward: v

We termed the direct method Full BackProp (BP), the iterative method using HV Py cxwara and HV
Pforward Backward Iteration and Forward Iteration respectively. We computed the Hessian at the same

Z, using these three methods in different GANs and compared their temporal cost empirically in Table

II-1.

Note, our method can be employed to compute the singular values and right singular vectors of the
Jacobian from latent space towards any intermediate layer representation. To obtain the left singular

vector, i.e. the change in representation or image space caused by the direction, we need to push forward
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the right singular vectors through the Jacobian, which is feasible through forward-mode autodiff or finite

difference.

Table II-1 Computational Cost for Three Methods: Computation time is measured on a GTX 1060
GPU. The iterative method has a variable runtime which depends on the number of eigenpairs required.
In this table, we all use one half of the full dimension as the eigenpaired required, which is the largest we
can require using ARPACK implementation of Lanczos. Thus these numbers should be seen as an upper
limit of time for Backward and Forward Iteration method. A shallower or narrower network will result in
faster computation time. For StyleGAN2 which has configurable depth and width, we use the config-f.

Dimension | Full BackProp Backward Iter Forward Iter
Time Time Time

DCGAN 120 12.5 13.4 6.9

FC6 GAN 4096 282.4 101.2 90.2
BigGAN 256 69.4 70.6 67

BigBiGAN 120 15.3 15.2 133
PGGAN 512 95.4 95.7 61.2
StyleGAN 512 112.8 110.5 64.5
StyleGAN2* | 512 221 217 149

I1.8.3 Specification Of GAN Latent Space

The pretrained GANs used in the paper are from the following sources:

° DCGAN model was obtained from torch hub https://pytorch.org/hub/ facebookresearch pytorch-

gan-zoo_dcgan/. It’s trained on 64 by 64 pixel fashion dataset. It has a 120d latent space, using Gaussian

as latent space distribution.

. Progressive Growing GAN (PGGAN) was obtained from torch hub https://pytorch.org/

hub/facebookresearch_pytorch-gan-zoo_pgan/ and we use the 256 pixel version. It’s trained on celebrity
faces dataset (CelebA). It has a 512d latent space, using Gaussian as latent space distribution.
o DeePSim / FC6GAN model was re-written and translated into Pytorch, with weights ob- tained

from official page https://lmb.informatik.uni-freiburg.de/people/dosovits/code.html of (Dosovitskiy and

Brox, 2016a). The architecture is designed to mirror that of AlexNet, and the FC6GAN model is trained
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to invert AlexNet’s mapping from image to FC6 layer. Thus it has 4096d latent space. This model is
highly expressive in fitting arbitrary pattern, but not particularly photorealistic.
. BigGAN model was obtained through Hugging Face’s translation of DeepMind’s Tensorflow

implementation https://github.com/huggingface/pytorch-pretrained-BigGAN, we use biggan-deep-256

version. It’s trained on ImageNet dataset in a class conditional way. It has a 128d latent space called
noise space, and a 128d embedding space for the 1000 classes called class space. The 2 vectors are
concatenated and sent into the network. The distribution used to sample in noise space is truncated
normal. Here we analyze the metric tensor computed in the concatenated 256d space (BigGAN) or in the
128d noise space or class space separately (BigGAN-noise, class).

o BigBiGAN model was obtained via a translation of DeepMind’s Tensorflow implementation

https://tthub.dev/deepmind/bigbigan-resnet50/1, we use bigbigan-resnet50 version. It’s trained on

ImageNet dataset in unconditioned fashion. It has a 120d latent space, using Gaussian as latent
distribution. Note, the latent vector is split into six 20d trunks and sent into different parts of the model,
which explains why the spectrum of BigBiGAN has the staircase form (in Figure I11-2).

. StyleGAN model was obtained via a translation of NVIDIA’s Tensorflow implementation

https://github.com/rosinality/style-based-gan-pytorch. We used the 256 pixel output. It has a 512d latent

space called Z space, where the latent distribution is Gaussian distribution. This Z distribution gets
warped into another 512d latent space called W space, by a multi-layer perceptron. The latent vector W is
sent into a style-based generative network, in which the latent vector just modulates the feature maps in
the conv layers, instead of serving as a spatial input as in DCGAN, FC6GAN, PGGAN.

o StyleGAN2 models are obtained via a translation of NVIDIA’s Tensorflow implementation

https://github.com/rosinality/stylegan2-pytorch. This is an improved version of StyleGAN: it also has a

network mapping the 512d Z to the W space, and the style-based generative network. The various pre-
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trained models are fetched from https://pythonawesome.com/a-collection-of-pre-trained-stylegan-2-

models-to-download. More specifically StyleGAN2-Face256 and 512 are both trained on FFHQ dataset,

while Face256 generate lower resolution images and use narrower conv layers. StyleGAN2-Cat is trained
on LSUN cat dataset (Yu et al., 2015) at 512 resolution.

. WaveGAN model is obtained from the repository https://github.com/mostafaelaraby/wavegan-

pytorch/. Its architecture resembles that of DCGAN, but applied to the one dimensional wave form
generation problem. We customly trained it on the wave forms of piano performance clips. It has a 100d

latent space, using Gaussian as latent space distribution.

I1.8.4 Quantification of Power Distribution in Spectra

Table II-2 Quantification of Spectra anisotropy (Models marked with § are audio wave form
generating GANs using different distance metric function.)

dimen | dim.99 dim.999 dim.9999 dim.99999
FC6 4096 297 502 661 848
DCGAN-fashion 120 17 35 65 97
BigGAN 256 10 53 149 224
BigGAN noise 128 29 88 120 127
BigGAN class 128 8 38 98 123
BigBiGAN 120 21 41 62 73
PGGAN-face 512 57 167 325 450
StyleGAN-face Z 512 12 27 52 84
StyleGAN2-face512Z 512 7 17 41 78
StyleGAN2-face256 Z 512 13 28 63 103
StyleGAN2-cat Z 512 8 14 31 62
StyleGAN-face W 512 124 355 480 507
StyleGAN2-face512 W 512 153 345 471 506
StyleGAN2-face256 W 512 157 350 473 506
StyleGAN2-cat W 512 23 57 126 269
WaveGAN MSET 100 17 38 74 9
WaveGAN STFTt 100 2 9 19 42

We quantified the anisotropy of the space, i.e. the low rankness of the metric tensor in Table 1I-2. To
do this, we computed the number of eigenvalues needed to account for the 0.99, 0.999, 0.9999, 0.99999

fraction of the sum of all eigenvalues. This can be thought of as the minimal number of dimensions
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needed to achieve a low rank approximation of the Jacobian with 0.01, 0.001, 0.0001, 0.00001 residue in

terms of the Frobenius norm.

There are a few interesting patterns we noticed in this table. For BigGAN, we noted that the class
subspace is more low-ranked than the noise subspace, i.e. fewer directions could account for most of the
changes across object classes than within classes. For StyleGAN 1 and 2, we analyzed the geometry of Z
space and W space separately, and found that in all the models the metric in W space is significantly
more isotropic i.e. less low rank than Z space. Thus, in this regard, the z = w mapping warped the
spherical distribution in Z space to an elongated one in W space, but the mapping from W space to image
is still more isotropic.

I1.8.5 Geometric structure is robust to the image distance metric

Our work used the LPIPS distance metric to compute the Riemannian metric tensor. To determine
how much of the results depended on this choice of metric, we computed the metric tensor at the same
hidden vector using different image distance functions, specifically a) structural similarity index measure
(SSIM) and b) Mean Squared Error (MSE) in pixel space, which do not depend on CNN. We computed
the Hessian at 100 random sampled vectors in BigGAN, Progressive Growing GAN (Face), StyleGAN2
(Face 256), using MSE, SSIM and LPIPS, and then compared their Hessian spectra and eigenvectors. We
found that the entry-wise correlation across the Hessian matrices (d? elements) ranged from [0.94 —
0.99]. The correlation of eigenvalue spectra ranged from [0.987 — 0.995]. Measuring Hessian similarity
using the statistics we developed C'°9 and C7Y" resulted in correlations concentrated at 0.99. Thus, we
found that the Hessian matrices and their spectra were highly correlated across image distance metrics,

and that the Hessian matrices had a similar effect on the eigenvectors of each other.
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Table II-3 Comparison of Hessian Computed with Different Sample Dissimilarity Metric d We
experimented with BigGAN, PGGAN and StyleGAN2 (FFHQ 256 resolution), we compared the Hessian
computed by LPIPS and that by MSE or SSIM at 100 latent vectors. The statistics we showed are:
element-wise Hessian correlation (H corr), eigen spectra correlation (eigval corr), the Hessian
consistency measure CHlin and CHlog. The linear regression between the log spectra of LPIPS the and
that of the alternative (SSIM or MSE) yields the slope (slope) and intercept (intercept). The mean and
standard deviation (in parenthesis) of the the 100 statistics are shown. In the last row, WaveGANT is an
audio generating GAN. We measured the similarity of the Hessian us- ing MSE of wave forms (MSE)
and MSE of spectrogram (STFT) as dissimilarity metric. Hessian computed using these two measures are
less similar to each other.

H corr Eigval corr crun crog slope intercept
BigGAN MSE | 0.973(0.033) 0.995(0.008) 0.996(0.014) 0.999(0.001) 1.01(0.03) 1.47(0.22)
SSIM | 0.988(0.012)  0.997(0.003)  0.999(0.002)  0.999(0.001) 1.06(0.02) -0.40(0.07)
PGGAN MSE | 0.938(0.047) 0.987(0.016) 0.987(0.038) 0.999(0.000) 1.02(0.02) 1.75(0.19)
SSIM | 0.970(0.020)  0.993(0.009)  0.997(0.007)  0.999(0.000) 1.06(0.01) -0.23(0.11)
StyleGAN2 | MSE | 0.945(0.035) 0.989(0.01T)  0.990(0.020) 0.987(0.01T) T.13(0.16) 1.32(0.34)
SSIM | 0.945(0.047) 0.987(0.015)  0.988(0.027) 0.991(0.008) 1.08(0.18) -0.17(0.26)
WaveGANT | STFT | 0.529(0.229) 0.892(0.088) 0.661(0.313)  0.938(0.062) 1.09(0.05) 4.67(0.30)

One major difference across Hessians from different image distance metric was evident in the scale of

the eigenvalues. We regressed the log Hessian spectra induced by SSIM or MSE onto the log Hessian

spectrum induced by LPIPS, and found the intercepts of the regression were usually not zeros (Table

I1-3). This result showed different image distance metrics exhibit different “unit” or intrinsic scale,

although they all factored out the same structure in the GAN.

This result is contextualized by Section II.5. As equation (II-3) showed, the Riemannian metric or

Hessian of the generator manifold is the inner product matrix of the Jacobian of the representational map.

The effect of image distance metric on the Riemannian metric is to add a few more terms on top of the

chain of Jacobians. The Jacobian terms from the layers of generator seem to have a larger effect than the

final terms coming from the image distance metric.

Note that this does not mean that the choice of sample space distance function is irrelevant. Going

beyond image generation, when applying our method to an audio generating GAN, the WaveGAN, we
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found that the choice of distance function in the space of sound waves will substantially affect the
Hessian obtained. We used the MSE of wave forms and MSE of spectrograms (denoted by STFT) to
compute metric tensor of that sound wave manifold. We found the element-wise Hessian correlation
between these is around 0.53, while the other Hessian similarity metric are also lower than the
counterparts for BigGAN, PGGAN and StyleGAN?2 (Table II-3). We think the MSE of spectrograms is a
more perceptually relevant distance metric of sound waves than MSE of wave forms, and this difference
is reflected in the geometry they induced i.e. anisotropy and homogeneity (Table I1-2, Table I1-4). Thus,
when and how the sample space distance metric will affect the geometry of generative model still

requires more development to be answered.

I1.8.6 Random Mixing of Spectra

Here we give a simple derivation of why a highly ill-conditioned Hessian matrix may appear normal,
under the probe of random vectors. Given a symmetric matrix H, and its eigen decomposition UAUT , we
. . . TH .
computed its effect on an isotropic random vector v, a(v) = %, and v ~ NV (0, ). This random

variable represents the effect of the symmetric matrix on random directions. Note that a change of
variable using the orthogonal matrix w = UT v will not change the distribution w ~ (0, I). Through

this the random variable a could be rewritten as

vTHy oAl v
) ==Y Tt v~ N0

ARY lvll5
i wf

= ) W; ~ N(O, I),l 1, d
Yiw? '
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As each element in w is distributed as i.i.d. unit normal, w2 is distributed as i.i.d. chi-square

distribution of parameter 1. w? ~ y?(1) ~T G,%) Thus, the normalized weights ¢; = w?/ Y, w?
conform to a Dirichlet distribution ¢ ~ Dirichlet(1/2,1/2,...1/2). Through moment formula of

Dirichlet distribution, it is straightforward to compute the mean and variance of a(w) = ¢4
1
E[a] = ATE[c] = —Z A
n .
L
2
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As we can see, the variance of the effect on random directions scales 1/n relative to the variance of
original eigenvalue distribution. This is why the distribution is much tighter than the whole eigenvalue

distribution.

This phenomenon may explain why the perceptual path length regularization (PPL) used in (Karras et
al., 2020) doesn’t really result in a flat spectrum. In our notation, the PPL regularization minimizes
E,E,|la,(v) — b||?, which is to minimize the variance of the distribution of a(v) with v sampled from
normal distribution and z sampled from latent distribution. The global minimizer for this regularization is

indeed a mapping G with flat spectrum, i.e. an isometry up to some scaling. However, we can see through
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our derivation and Figure II-6 that even for highly anisotropic spectrum, this variance will not be very

large. Thus, we should expect a limited effect of this regularization.

I1.8.7 Method To Quantify Metric Similarity

We developed our own statistic to quantify the similarity of metric tensor between different points.

Here we discuss the benefits and caveats of it.

Angles between eigenvectors per se are not used, since eigenvectors with close-by eigenvalues are
likely to rotate into each other when computing eigen-decomposition (Van der Sluis and Van der Vorst,
1987). However, the statistics should be invariant to this eigenvector mixing, and also take the
eigenvalues into account. In our statistics, we applied the eigenvectors U; = [uy,...] of one matrix H, to
the other H,, i.e. examined the length of these vectors as measured by the other matrix as the metric
tensor, ay, (U1 ;) = uj ;Hyuy ;. Recall that ay (uy ;) = uj ;Hyug; = Ay and ay, (ug;) = uj ;Houy; =
Ay,i,i. If the eigenvectors fall in the eigenspace of the same eigenvalue in H,, then ay, (u, ;) will equal the
eigenvalue, and thus our statistic is invariant to rotation within the eigenspace. If the eigenvectors are
totally uncorrelated, the resulting ay, (uq,;) will distribute like that of random vectors as in Figure I1-6.
As we compute the correlation between the eigenvalue 1,; = ay, (u,;) and the ay, (u,;), we summarize

the similarity of action of H, on eigenvectors U, and U;.

However, this method assumes an anisotropy of spectra in both metric tensors. For example, if both
tensors are identity matrices H; = H, = I, then this correlation will yield NaN, as there is no variation in
the spectra to be correlated. Similarly, if the metric tensor has a more isotropic spectrum, then it will

generally have a smaller correlation with others. In that sense, spectral anisotropy also plays a role in our
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statistics for metric similarity or homogeneity of the manifold. In all the GAN spaces we examined, there
is a strong anisotropy in the metric spectra, thus this correlation works fine. But there is caveat for
comparing this correlation between two GANs when there is also difference in the anisotropy in their

spectra, as a smaller anisotropy can also results in a smaller metric similarity.

Finally, we are aware that there are different ways to average symmetric positive definite matrices

(SPSD), induced by different measures of distance in the space of SPSD (Yuan et al., 2020). Here we
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Figure 11-6 Spectral Histogram compared to Apparent Anistropy in Different GAN models
(FC6GAN, DCGAN, BigGAN, BigBiGAN, PGGAN, StyleGAN, StyleGAN2) The
apparent speed of image change a(v) has much smaller variability than the variability in
the whole spectra. Eq. 13 can predict the mean and std of the apparent variability.
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picked the simplest one to estimate the global Hessian in the latent space: averaging the metric tensors

element by element.

I1.8.8 Geometric Structure of Weight-Shuffled Gans

Here we show the geometric analysis for the shuffled controls for all our GANs. Specifically, we
shuffled the elements of the weight tensor from each layer to keep the overall weight distribution
unchanged. To show how learning affected the geometry of the image manifold, we computed the spectra

and the associated metric consistency statistic for weight-shuffled GANs .

Table 11-4 Quantification of Manifold Homogeneity by metric consistency CH on log scale and linear
scale. Same data generating Figure II-3 D. Models marked with 1 are audio wave form generating
GAN:S.

Log scale Linear Scale
mean std  mean std

FC6GAN 0984 0.002 0.600 0.119
DCGAN 0.920 0.028 0.756 0.192
BigGAN 0934 0.024 0.658 0.186
BigBiGAN 0.986 0.007 0.645 0.180
PGGAN 0928 0.014 0.861 0.123
StyleGAN-Face Z 0.638 0.069 0.376 0.160

StyleGAN2-Face512Z | 0.616 0.052 0.769 0.181
StyleGAN2-Face256 Z | 0.732 0.037 0.802 0.130
StyleGAN2-Cat256 Z 0.700 0.040 0.689 0.151
StyleGAN-Face W 0.878 0.037 0.780 0.190
StyleGAN2-Face512 W | 0.891 0.048 0.838 0.127
StyleGAN2-Face256 W | 0.869 0.052 0.756 0.159
StyleGAN2-Cat256 W | 0.895 0.118 0.539 0.216
WaveGAN MSET 0906 0.022 0.776 0.139
WaveGAN STFTt 0.809 0.096 0.467 0.285

Table I1-5 Hessian preconditioning improves GAN inversion The mean and standard error of fitting score
(minimum LPIPS distance to target using 4 random initial vectors) are presented in the table, which is the

2 We were unable to obtain a sensible spectrum for either shuffled or randomly initialized BigBiGAN possibly due to its
architecture; but we show the comparison for all other models.
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same data generating Figure I1-5. For each GAN, target dataset pair, 200-300 different target images are
used.

Hessian None
GAN Target Image Mean SEM  Mean SEM
StyleGAN1024  CelebA 0.334 0.002 0.344 0.002
StyleGAN1024  FFHQ 0.231 0.003 0.236 0.003
StyleGAN1024  GANgen 0.055 0.002 0.060 0.003
PGGAN CelebA 0.179 0.003 0.207 0.003
PGGAN FFHQ 0.175 0.003 0.197 0.003
PGGAN GANgen 0.045 0.003 0.027 0.001
BigGAN ImageNet 0.162 0.003 0.189 0.003
BigGAN GANgen 0.144 0.003 0.195 0.003
DCGAN FC6GAN i BigGAN
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Figure I11-7 Comparing Spectra of Original and Weight Shuffled GANs: Most Shuffled GAN
shows a slower spectral decay and a smaller maximum eigenvalue.

In Figure I1-7, we showed that the shuffled controls exhibited flatter spectra and smaller top

eigenvalues. There, the correlation of metric tensors in shuffled GANs shows an unclear result. In some
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GAN:Ss, there remains strong correlations in the metrics across locations, while in some, the correlation is
close to zero. We think the reason is that our statistic for homogeneity (i.e. a correlation of action of
metric tensors C!°9) somewhat entangles homogeneity with the anisotropy of the space. That is, when
the space has a totally flat spectrum (the map is isometric), then the correlation coefficient of action will
be zero or nan, although the metric tensor will be the same everywhere. Thus the change of anisotropy
and the change of homogeneity may interfere with each other, thus shuffling can result in a mixed result.
We are working to develop new statistics that will measure the similarity of the Hessian, invariant of

anisotropy.

I1.8.9 Detailed Comparison to Previous Unsupervised Ways to Discover

Interpretable Axes
Here we compare the axes discovered by our method with those from a previous approach.

Specifically, we applied our method to the same pre-trained GANs used in (Voynov and Babenko, 2020),
comparing the axes they discovered versus our Hessian structure. Although this method follows a quite
different approach compared to ours and those of (Harkonen et al., 2020; Shen and Zhou, 2020), we
thought it would be interesting to determine if the interpretable axes discovered in their approach had a
relationship with the Hessian structure defined above. If so, this could serve as independent confirmation

of the effectiveness of both types of approaches.

In their work, for each generative network G, two additional models were simultaneously trained to
discover interpretable axes: a “deformator” M and a “latent shift predictor” P. The “deformator” M
learned to propose vectors {v;} to alter the image, which were used to create images pairs

(G (2),G(z + vl-)) using random reference vectors z; the “latent shift predictor” P took in the images
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pairs and learned to classify the direction in which the latent code shifted ¥; = P(G(z),G(z + v;)). The

axes learned by the deformator M were subsequently annotated and a subset was selected by humans.

Using their code, we compared these annotated axes with the Hessian structure we computed on their
GANs (PGGANS512, BigGAN noise and StyleGAN Face). In PGGANS512, we found that their discovered
axes had a significantly larger v” Hv (i.e. approximate rate of image change) than random vectors in that
space; in other words, their axes were significantly more aligned with the top eigen space (P < 0.05 for
all axes). Further, we wanted to investigate whether their axes aligned with individual eigenvectors
identified by our Hessian or whether their axes randomly mixed with our top eigen space. To achieve this
goal, we search for the power coefficients that are significantly higher than expected from projection of
unit random vector. In fact, for each and every of the discovered axes, we found 1-3 eigenvectors that
they are significantly (p < 5 X 10™%) aligned to. Moreover, these strongly aligned eigenvectors are all in
our top 60 eigen dimensions, in fact, 3 of their axes aligned with eigenvector 11 and 2 of their axes
aligned with our eigenvector 6. (Figure II-8 A) Moreover, we “purify” their axes by a) retaining
projection coefficients only in top 60 eigenvectors, or b) retaining the coefficients only in the 1-3 strongly
aligned eigen vectors and set all the other 500+ coefficients to zero, and compared their effect on a same
set of reference vectors, using the same step size. We found that by project out coefficients in the lower
space, the image transformation is perceptually very similar (Figure II-8B,C). If we only retains the
eigenvectors that it highly aligns to, the image transform will be more different, but the annotated
semantics in the transform seems to keep (Figure II-8D,E). Thus, their method also discovered that the
top eigenspace of PGGAN contained informative transformations, and further confirmed that optimizing
interpretability may improve alignment with individual eigen vectors rather than mixing all the eigen

dimensions.
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Note, as we project out coefficients, the resulting vector has a smaller than unit norm, thus we are
moving a smaller distance in latent space using the same step size (Figure I1-8B-E title). If we
renormalize the vector to unit norm we will need to take a smaller step size to achieve the same
transform. This is confirming our predictions in Sec. 11.4.4: Each interpretable axis u has a family of
equivalent axes u + v, which add a direction v in the lower eigenspace or null space of the GAN. These
axes encode the same transforms but the speeds of image change on them are different. In this sense, the

top eigenspace could be used to provide a “purer” version of the interpretable axes discovered elsewhere.
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Figure II-8 Analyzing 1nterpretable axes from (Voynov & Babenko, 2020) under the Hessian
framework. A. Projection power of their annotated interpretable axes and 6 unit norm random
vectors on the top 40 eigen vectors. The color code is matched. The red line on colorbar
denotes p < 1 x 10~* threshold for the power value, and the significantly aligned axes p <

5 x 10~* are indicated. B,C, Image transforms encoded by projection of 2 of their vectors (19,
20) into the top 60d eigenspace. D,E Similar to B,C, but their vectors are projected onto the
aligned eigenvectors only. The norms of the projected vectors are noted on title. Panel B,D and
C,E share the same reference image and the same step size across each mini column, though
the distance travelled along BC and DE is smaller as the vector is shortened.

Although both types of approaches are promising, by removing the need to train additional networks,

our method can be viewed as a more efficient way to identify informative axes. Further work comparing
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axes discovered by different methods will elucidate the connection between interpretable axes and the
Hessian structure more.
11.8.10 Detailed Comparison to Hessian Penalty

In this section, we compare our work with that of (Peebles et al., 2020), which also focused on the use
of a Hessian matrix to “disentangle” directions in generator latent space. This Hessian penalty approach
devised a stochastic finite difference estimator of the non-diagonal elements of the Hessian, using only a
forward pass, resulting in an efficient regularization of Hessian diagonality during GAN training. This
clever approach led to several benefits, including increases in smoothness in latent interpolation, and
improvements in interpretability. However, there are clear contrasts between the Hessian penalty

approach and ours.

At the highest conceptual level, both works relied on the analysis of the Hessian matrix. Our frame-
work is motivated by a geometric picture of the image manifold and latent representations, while their
work is motivated by the idea of increasing the independence of latent factors. The Hessian matrices
involved are also different: we computed the Hessian of the squared distance metric d? in image space,

while they computed the Hessian of every pixel in the image.

At the implementation level, the methods are also different. We computed the exact Hessian matrices
or their low-rank approximations based on backpropagation and the Lanczos iteration. They devised a
stochastic finite-difference estimator of the total non-diagonal elements of the Hessian, using only a
forward pass, which they termed the Hessian penalty. This remarkable achievement enabled them to
efficiently regularize Hessian diagonality during GAN training. As another point of contrast, the Hessian
penalty does not provide an explicit geometric picture as the exact Hessian matrices do in our work.

Specifically, their penalty did not reveal the spectral structure of the Hessian matrices, which is encoded
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in the diagonal elements of the matrix. Because of this, the anisotropy can be explicitly demonstrated in

our work.

It is clear that the Hessian penalty provides a very important and complementary approach to ours.
This work showed that regularizing Hessian diagonality during training could promote disentangled
latent representation using PGGAN (this provides a more detailed evaluations of disentanglement than

we achieved).

Interestingly, many of the phenomena they observed in Hessian-penalized generative networks were
reminiscent to phenomena we observed in normally trained generative networks with a Hessian eigen-
frame rotation of the latent space. As a first example, they found that after applying the Hessian penalty,
many factors stopped affecting the image (termed “latent space shrinkage” in their work). We also found
this phenomenon in normal pre-trained GANS, i.e. they showed a large bottom eigenspace with close to 0
eigenvalues, in which the eigenvectors generated small to no changes in the image (termed “null space”
in our work; Sec. I1.4.4). Thus if we performed a Hessian eigen-frame rotation, non-Hessian-penalized

generators will exhibit similar behavior as theirs do.

As a second example, they also found that enforcing the Hessian penalty on middle layers is helpful
in regularizing the Hessian diagonality in the image space, which is reminiscent of our finding that the
Hessian eigen-frames are usually well aligned across the layers of generator (Section I1.5), though the

spectra get shaped throughout the layers.

The Hessian penalty raises an interesting question: what makes a diagonal Hessian matrix special?
Because the Hessian is a real symmetric matrix, at each point z, it can be diagonalized by a rotation of the

latent space. However, to achieve a diagonal matrix across the latent space, Peebles et al. (2020) had to

78



(implicitly) enforce each point to share the same rotation (i.e. Hessian eigen-frame). Given the training
involved, this encouraged the homogeneity or flatness of latent space as identified in our framework.
However, as shown in our work, most GANs exhibit homogeneity or flatness in their latent space even
without the Hessian penalty. So it would be interesting to compare generators trained with Hessian
penalty against those trained without the penalty but with a post hoc rotation of the latent space using the
global eigen-frame. We expect that their training will exhibit flatter geometry than the post hoc rotated
latent space. However, even if this is not true, it would still be interesting if this flat geometry can emerge

from modern GAN training i.e. fitting the natural image distribution.

Finally, aside from regularizing GAN training, (Peebles et al., 2020) also explored the use of the
Hessian penalty in finding interpretable directions in pre-trained BigGAN (BigGAN-128). Similar to
(Voynov and Babenko, 2020), the axes they discovered showed a striking correspondence to those
identified in our approach (Figure I1-9). We showed that when we computed the Hessian at a few points
in the noise space of the generator, the interpretable axes they found aligned well with our top
eigenvectors, with a one-to-one or one-to-two matching. For example, their reported interpretable axes 5,
6 and 8 (for the golden retriever class) had 0.998, 0.964, 0.990 of their power concentrated in our top 10-
dimensional eigenspace. Moreover, they aligned with single eigenvectors 0, 5 and 2 with power 0.988,
0.499, 0.852 respectively. Due to the presence of close by eigenvalue, eigen vectors can mix into each
other, resulting in the phenomenon that the axes identified in (Peebles et al., 2020) can correspond to a
few adjacent eigenvectors (e.g. their axes 5 correspond to our eigenvectors 4 and 5, with corresponding
eigenvalues 8.3 and 7.4; as reference, eigenvalue 3 = 17.6, eigenvalue 6 = 5.6, a much larger gap.). We
found that power concentration within the top eigenspace is a great indicator of the interpretability of

their reported axes: all but one of the reported axes showed over 0.95 power concentrated in top 10d
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eigenspace, while the axes they found not to be interpretable showed power 0.103 £ 0.141 (mean = std) in
the top 10d eigenspace. One advantage of our approach is computational efficiency. As the alternative
method required learning (i.e. iterative optimization of a mixing matrix), it took us 40 minutes x 50
epochs to finish the training on a 6GB GTX 1060 GPU. In contrast, the present method directly computes
the Hessian matrices at one- or a few points, taking 12 seconds to compute a full Hessian matrix (5-50
points usually suffice). The reason for this difference is that their method optimizes for a basis that
diagonalizes the Hessian matrix based on a noisy estimate of diagonality — the Hessian penalty; in
contrast, our approach directly computes and diagonalizes the matrix at given points. Finally, our method
orders the axes by the eigenvalues, facilitating focus on the top eigenspace, and thus alleviating the need

to go through all the axes to find interpretable ones.

In summary, we believe that as a stochastic regularizer of the Hessian matrix, the Hessian penalty is a
valuable and complementary approach to ours. Our methods provide additional value by accurately
estimating the top eigenvectors and eigenspectrum, suitable for analyzing geometry post hoc. However,
unlike the Hessian penalty, direct use of our method to regularize training may be inefficient. It would be
interesting to explore whether there is a middle ground that incorporates the advantages of both their

estimator and our more precise calculation.
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Figure 11-9 Analyzing interpretable axes from (Peebles et al., 2020) under the Hessian

framework. A. Projection power of Hessian-penalty-identified axes on the top 25 eigen vectors.

B,C. For the axes corresponding to fine or mid-scale changes, we performed eigen
decomposition to the corresponding 40d diagonal block of the averaged full Hessian. We then

computed the projection power with their axes. D. Comparison of the alignment with the Hessian

eigen frame averaged over different number of points (N = 1, 5,10, 25,50,100) in the full
space. Although the specific matched eigen id varies between N, those interpretable axes all

remain in our top eigenspace, with power over 0.95. E. Visualize the axes in Peebles et al. (2020)

0.6 Power of align-
ment (vu)?

with a good alignment with our top 10d eigenspace (axes 0 and 9, boxes marked in green), other

than those annotated in their paper (boxes marked in red). They are arguably interpretable as
well.
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Figure II-10 Similar transforms encoded in the top eigendimension of GANs trained on face
dataset. Linear exploration along top 20 eigenvectors from origin in latent space are showed for
each GAN. Linear equidistance sampling on each eigenvector occupies a column and their
eigenvalues are sorted in descending order from left to right. Step size along each vector is
adjusted according to its eigenvalue for best continuity.
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Figure I1I-11 Top eigenvectors encode similar transforms around different reference images.
Linear equidistant explorations from six randomly chosen reference images along the
eigenvectors of averaged Hessians. These show qualitatively similar transforms to images — for
example, proximity of Cat face (Eigl), proximity and cat number (Eig4), fur color darkening
(Eig10) in StyleGAN2 Cat; face direction (Eigl), masculine vs feminine (Eig3), child vs adult

(Eig5) in StyleGAN Face.
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Chapter 111 : High Performance Evolutionary
Algorithm for Neuronal Control on Image
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Figure III-1 Cholsky-CMAES Excelled in Activation Maximization both in silico and in vivo. A.
Schematics of the XDream Evolution experiment. B. in vivo optimization trajectory from 12 paired
Evolution experiments in two monkeys. Thin curves show the trajectories for individual experiments;
shaded thick curves show the mean and standard error (SEM) of trajectories across experiments.
Experiments that terminated earlier were extrapolated by constant (dashed line) to match the generation
number for mean and SEM calculation. C. in silico optimization trajectory comparison for unit 1 in fc6
layer of CaffeNet, mean activation per generation is plotted.

Abstract

Recently, optimization has become an emerging tool for neuroscientists to study neural code. In the
visual system, neurons respond to images with graded and noisy responses. Image patterns eliciting
highest responses are diagnostic of the coding content of the neuron. To find these patterns, we have used
black-box optimizers to search a 4096d image space, leading to the evolution of images that maximize
neuronal responses. Although genetic algorithm (GA) has been commonly used, there haven’t been any
systematic investigations to reveal the best performing optimizer or the underlying principles necessary

to improve them.
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Here 3, we conducted a large scale in silico benchmark of optimizers for activation maximization and
found that Covariance Matrix Adaptation (CMA) excelled in its achieved activation. We compared CMA
against GA and found that CMA surpassed the maximal activation of GA by 66% in silico and 44% in
vivo. We analyzed the structure of Evolution trajectories and found that the key to success was not
covariance matrix adaptation, but local search towards informative dimensions and an effective step size
decay. Guided by these principles and the geometry of the image manifold, we developed SphereCMA

optimizer which competed well against CMA, proving the validity of the identified principles.

I11.1 Introduction

An essential goal in sensory neuroscience is to define how the neurons respond to natural stimuli and
extract useful information to guide behavior. To a first approximation, visual neurons emit high rates of
electrical signals to stimuli with certain visual attributes, so their outputs can be interpreted as conveying
the presence of such features (e.g. "face neurons" (D H Hubel and Wiesel, 1962; Quiroga et al., 2005)).
So, to study the visual selectivity of neurons, it is crucial to choose highly activating stimuli.

Traditionally, researchers have used intuition (Gross, 1994) or limited theoretical frameworks to
choose a fixed set of stimuli, i.e., simple images, such as circles and rings for studying lateral geniculate
nucleus cells, oriented bars for V1 neurons, hyperbolic gratings for V2 neurons (Hegdé and Van Essen,
2004, 2006), curved shapes for V4 neurons (Pasupathy and Connor, 2001, 2002), or select categories
such as faces for inferotemporal cortex neurons (Desimone et al., 1984). The desired property of these
stimuli is their ability to drive neuronal activity. But as visual neurons become more selective along the
posterior-anterior anatomical axis — responding to more complex visual attribute combinations — it

becomes more difficult to choose highly activating stimuli.

s Code available at https://github.com/Animadversio/ActMax-Optimizer-Dev
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To tackle this problem, an alternative approach is to use adaptive search methods to find highly
activating stimuli. The idea is to treat neuronal responses as a function of visual stimuli, and to iteratively
search for variants that maximize this function. As images evolve under this search, they acquire visual

attributes informative of the neuron’s intrinsic tuning, independent of bias in human intuition.

Problem Formulation. Formally, neurons can be conceptualized as noisy scalar functions f over the
image space I. One common objective is to maximize the function f (I) —also known as activation

maximization, commonly used for interpreting the coding content of neurons or CNN hidden units

(Nguyen et al., 2016):
r=f0)+e,fT->R (TI1-1)

I. = argmax; f (I) (I11-2)
While this approach can be easily generalized to other objectives, we focus on activation maximization
since making neurons fire strongly has been the most common goal in sensory neuroscience studies over

the decades (David H Hubel and Wiesel, 1962).

In the context of in vivo experiments, the process amounts to recording a set of neuronal activations {; }
in response to a set of randomly sampled images {I;} (each image displayed for a short duration, e.g. 100
ms, Figure III-1A). In the next step, the optimizers update their state and propose a new set of images. By
repeating this process for dozens of iterations, the images begin to acquire visual attributes that drive the
neuron’s activity highly. Usually, in one of these so-called Evolution experiments, the number of image
presentations is limited to 1000-3000, taking 20-40 min. This mandates a high sample efficiency of the

optimizer.
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For most optimization algorithms, stimuli need to be represented in and generated from a "vector
space". We consider a smooth parametrization of images G : R — 7,z = I using a lowerdimensional
vector space. In this implementation, the mapping from vector space to images is instantiated by an
image generative neural network (DeePSim Generative Adversarial Network (GAN) (Dosovitskiy and
Brox, 2016b)), which maps 4096d latent vectors to images. Thus, the problem is about searching for

images in the latent space such that it maximizes the response of the neuron.

z* = argmax,E[f (G(2))] (1I1-3)

This optimization approach has been applied to neurons in visual areas V4 and inferotemporal cortex (IT)
(Yamane et al., 2008a; Carlson ef al., 2011; Hung, Carlson and Connor, 2012; Vaziri and Connor, 2016;
Ponce et al., 2019b; Xiao and Kreiman, 2020, 2020; Rose, Johnson, Wang and Carlos R. Ponce, 2021).
Image search was effectuated by classic genetic algorithms (GAs), acting in the space of parametrized 3D
shapes or GANs. Though the use of GAs was successful in this domain (Xiao and Kreiman, 2020), it has
not been tested comprehensively against modern optimizers, which motivated us to determine if we could
improve performance on this front.

This problem features a unique set of challenges, for example, search dimensionality is very high (e.g.
d = 4096in [24, 28, 32]), and the function f (. ) must be evaluated with considerable noise in neuronal

responses. Further, the total number of function evaluation N is highly limited (N < d), thus the

dimensions could not be exhaustively explored.

In this project, we worked to improve the performance of optimizer in this domain and to extract the

underlying principles for designing such optimizer. The main contributions are as follows:

« We conducted two in silico benchmarks, establishing the better performance of CMA-type optimizers

over other optimizers including commonly used genetic algorithms (GA).
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« We validated the performance increase of the Cholesky-CMA algorithm, with a focused contrast to
classic GA in vivo.

« We found that the CMA search trajectories exhibited the spectral signature of high-dimensional
guided random walks, preferentially traveling along the top eigen-dimensions of the underlying image
manifold.

« We found one reason that CMA succeeded was the decrease of angular step size, thanks to the
spherical geometry of image space and the increased vector norms in Evolution.

« Guided by image space geometry, we built in these mechanisms to develop a SphereCMA algorithm,

which outperformed the original CMA in silico.

1.2 Screening of Black Box Optimizers

Because in vivo testing of optimizer performance can be costly and time-consuming, we began by
screening a large set of algorithms in silico using convolutional neural network (CNN) units as proxies
for visual neurons, then tested the top performing algorithms with actual neurons in a focused

comparison.

I11.2.1 Large Scale in silico Survey

To simulate neuronal tuning function f that an optimizer might encounter in a biological setting, we
used units from pre-trained CNNs as models of visual neurons (Lindsay, 2020; Xiao and Kreiman, 2020).
For the in vivo Evolution experiments, we aimed for optimizers that performed well with neurons across
visual areas (including V1, V4, IT) and across different levels of signal-to-noise and single-neuron
isolation. Thus, we designed the benchmark "problem set" to include units from multiple CNN

architectures, layers, and noise levels, testing the overall performance for each optimizer.
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We chose AlexNet and a deeper, adversarially trained ResNet (ResNet50-robust) as models of ventral
visual cortex. The latter was chosen because it exhibits visual representations similar to the brain (high
rank on Brain-Score [29]). For each network, we picked 5 layers of different depths. It has been noted
that units from shallow-to-deep layers prefer features of increasing complexity [22], similar to that in the

ventral stream cortical hierarchy [28].

For detailed information about these networks and their layers, see Sec. I11.6.1. In the context of in
vivo recordings, single-presentation neuronal responses are highly noisy (Czanner et al., 2015). To
simulate the Poisson-like noisy response 7, we added Gaussian noise with zero mean and standard
deviation proportional to the raw response ar (ratio a represented the noise level). We tested three noise

levels for each objective function: no noise (@ = 0), low noise (@ = 0.2), and high noise (a¢ = 0.5).

7 =max(0,(1 + ae)r), €E~N(0,1)
In the first round, we chose 12 gradient-free optimizers as implemented or interfaced by nevergrad
(Rapin and Teytaud, 2018): NGOpt, DE, TwoPointsDE, ES, CMA (Hansen and Ostermeier, 2001),
Diagonal CMA (Akimoto and Hansen, 2020), RescaledCMA, SQPCMA, PSO, OnePlusOne, TBPSA, and
RandomSearch. Here we compared these algorithms by their default hyper-parameter settings. Note that
RandomSearch just sampled random vectors from an isotropic Gaussian distribution, finding the vector
with the highest score, which formed the naive baseline (for a short introduction to these algorithms, see
(Rapin and Teytaud, 2018)). Each algorithm ran with a budget of 3000 function evaluations and three

repetitions per condition.

Among the 12 optimizers, we found that Covariance Matrix Adaptation Evolution Strategy
(CMA) and Diagonal CMA were the top two algorithms in achieving maximal activation (Figure

IT1-2). Since the upper bound of the activation of a unit in CNN was arbitrary, we divided the raw
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activations by the empirical maximal activation achieved by that given unit, across all algorithms
and repetitions. By this measure, when pooling all conditions, CMAES achieved 0.699 + 0.004,
Diagonal CMA achieved 0.677 % 0.004, as a reference Random Search baseline achieved 0.139 +
0.002 (mean + sem, N = 1500, Table III-3, Figure III-2. This difference of CMA-driven
performance vs. any other optimizer was significant per a two-sample t-test: t > 60 for all
comparisons, except for CMA vs Diagonal CMA, where t = 3.80,p = 1.4 X 10~*). We found the
same result held consistently for units across CNN models, layers and noise levels (see
comparison in Table III-3). The optimization score traces and the most activating images found
for an example ResNet unit are shown in Figure I11-8 and Figure I11-10.

As for time efficiency, we measured the total run time taken by optimizing the objective function with
a budget of 3000 evaluations *. With units from AlexNet as objective, CMA had a longer runtime of
104.5 £+ 30.0 s (mean = std); Diagonal CMA accelerated the runtime by roughly five-fold (23.0 £+ 4.5
sec), although at a slightly compromised score (6.1%). As a reference, the baseline algorithm
RandomSearch had an average runtime of 17.6 *+ 2.2 sec. Same trends held for ResNet50 units, though
the runtime values were generally longer because ResNet50 is deeper (Table I11-3). In conclusion, we
found CMA and Diagonal CMA algorithms were both well-suited for this domain, while Diagonal CMA

achieved a good trade-off between speed and performance.

I11.2.2 Comparison of CMA-type Algorithm with GA in silico

Given the general success of CMA and Diagonal CMA algorithms, we were motivated to test other

types of CMA algorithms in the second round, comparing runtime values and achieved activations.

4 These optimizers were tested on single core machine with V100 GPU without batch processing of images or activations.
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As described in (Hansen, 2016), the CMA algorithm maintains and updates a Gaussian distribution
N (m, oC) in the R% space, with the mean vector m and step size o initialized by the user; the covariance

matrix C is initialized as identity matrix /. In each step, the algorithm samples a population of codes from
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Figure I1I-2 CMAES Excelled in Large Scale Benchmark of
Activation Maximization. Normalized activation were pooled across
all conditions. Mean runtime across all condition were annotated
below each optimizer. The activation maximizing image found by
the optimizers for an CNN unit (AlexNet-fc8-unit003 tiger shark
unit) were showed above the scores.

this exploration distribution, z,(i) ~ N (m,, 6,.C,). After evaluating these codes, it updates the mean
vector m, by a weighted combination of the highest-ranking codes. Note that o, controls both the spread
of samples in a generation and the average step size of the mean vector update ||m,,; — m.||. This step
size o, is adapted based on the accumulated path length in the last few steps. Moreover, CMA updates the

covariance matrix C; by a few low-rank matrices to adapt the shape of the exploration distribution.
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In the original CMAES algorithm, after each covariance update, the covariance matrix C needed to be
eigen-decomposed, in order to get C~1. For a high dimensional space d = 4096, it is costly to compute
this decomposition at each update. Using the diagonal covariance matrix approximation, the inversion
step could be simplified from a O (n3) operation to O (n) operation, which makes the DiagonalCMA
(Akimoto and Hansen, 2020) much faster (Figure II1-2). This inspired us to use modified covariance

update rules to accelerate the optimizer.

We found Cholesky-CMA-ES (Loshchilov, 2017) which was proposed as a large-scale variant of
CMAES. By storing the Cholesky factor A and its inverse of the covariance matrix, it could update these
factors directly, without factorizing the covariance matrix at each update. An additional parameter
'A _update freq could be adjusted to tune the frequency of this update.

We implemented the (¢/p,,, A)-Cholesky-CMA-ES algorithm (CholeskyCMA) (Loshchilov, 2017)
and compared it against the CMA and Diagonal CMA implemented in pycma library (Hansen and Auger,
2014; Akimoto and Hansen, 2020) and the Genetic Algorithm (GA), classically used in this domain
(Yamane et al., 2008b; Ponce et al., 2019b; Srinath ef al., 2021). For CholeskyCMA, the hyper-
parameters o, and update frequency of Cholesky factor A were tuned and fixed o, = 3.0,
A_update_freq = 10. For GA, we used the code and hyperparameters from (Ponce et al., 2019b). We
allowed for 3000 function evaluations per optimizer, which was 75 generations with a population size of

40.

We slightly modified the in silico benchmark: we chose 7 layers from AlexNet (conv2 to fc8), 10 units
from each layer, with 3 noise levels (a = 0.0, 0.2, 0.5). Each optimizer were run with 5 repetitions in

each condition, totaling 1050 runs. We evaluated the clean score, i.e. the highest noise-free activation of
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the given unit and the runtime for each optimizer. Here we also used the empirical maximal clean score

achieved for each unit to get the normalized clean score and to calculate statistics.

The results were summarized in Table III-1 and Figure I1I-11, Figure III-12. We found that all CMA
algorithms outperformed Genetic Algorithm by a large margin: if we pooled all conditions, the mean
normalized score of CMA was 166.7% of that of GA optimizer. Noise deteriorated the score for all
optimizers, and there the performance gap between GA and CMA type algorithm was narrowed but
persisted: the mean normalized score for CMA was 196.2% of GA in noise free scenario; 151.9% for
a = 0.2; 146.4% for a = 0.5 (Figure I1I-11). The overall performance values of the three CMA-type
optimizers were not statistically different, and all surpassed GA. (1-way ANOVA, Fz3147 = 1.70,p =

0.18).

When we examined the performance per layer, we found the relative performance of optimizers had a
significant interaction with the source layer of the unit. Diagonal CMA was more effective than Cholesky
and original CMA in the earlier layers, but performed less well in deeper layers (Table I11-1, Figure

I11-12). We tested this interaction with ANOVA on a linear model:

activation ~ optimizer + noiselevel + layer + layer * optimizer + noiselevel *
optimizer

in which, "optimizer" was modelled as a categorical variable (CholeskyCMA, CMA, Diagonal CMA),
"noiselevel" and "layer" were continuous variable. All the factors except optimizer had statistically
significant main effect; and interaction term layer * optimizer had F, 314, = 14.98,P = 3.34 x 1077
(see Table III-2). This curious interaction would be interpreted below in the context of different

covariance matrix adaptation mechanisms (Sec. I11.3.1).
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As for runtime °, Diagonal CMA was still the fastest, with average runtime 6.6 + 0.1 sec (mean + sem,
N = 1050, same below), while the second fastest optimizer was GA with runtime 16.6 + 0.2 sec. In
contrast, the classic CMA algorithm taking 97.0 + 0.8 was the slowest among the four, while the
CholeskyCMA took 42.4 + 0.4 sec per run. Indeed, updating Cholesky factors made it run faster without

reducing performance.

I11.2.3 CMA outperformed GA in vivo

After the second round of in silico benchmarks, we were ready to let the top candidates compete with
the previous state-of-the-art Genetic Algorithm in vivo. We chose CholeskyCMA algorithm and
compared it against the classic GA, since its speed and performance were both good across noise level
and visual hierarchy. For detailed methods of in vivo experiments, we refer readers to Sec. I11.6.2, but
briefly, we recorded electrophysiological activity in two animals using chronically implanted arrays,

placed within V1, V4 and IT.

We conducted 14 experiments. Two out of fourteen (2/14) experiments did not result in a significant
increase in firing rate of the neuron for either optimizer (per criterion p < 0.001, for t-test between firing
rates in first two and last two generation), which we excluded from the further analysis. From the 12
experiments where at least one optimizer increased the firing rate, we normalized the firing rate of the
neuron to the highest generation averaged firing rate for the CholeskyCMA optimizer (Figure I11-1B).
The normalized final generation activation for CholeskyCMA was 0.908 + 0.018 compared to 0.628 +

0.045 for GA (paired t-test, t = 6.69,p = 3.4 x 107>, df = 11. Raw firing rates for each experiment

5 Here, latent codes were processed in batch of 40 by generator and CNN, thus the same optimizer ran faster than the previous
experiment.
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are shown in Figure III-13). Thus, the maximal activation of CholeskyCMA surpassed GA by 44%,

which was comparable to the activation gain in the high-noise condition (46.2%, a = 0.5) in silico.

From this, we concluded that CholeskyCMA outperformed classic GA algorithm both in vivo and in

silico, becoming the preferred algorithm for conducting activation maximization.

Table I1I-1 Layer-wise Performance Comparison of CMA-Style Algorithms. This table presents
mean normalized clean score for each optimizer, averaged across all 10 units and 5 repetitions in given
layer under given noise level @. For each unit, the clean score was normalized by the highest noise-free
activation achieved across optimizers and noise. The last row showed the mean run time (N = 1050).
Abbreviations: Genetic Algorithms (GA4), CholeskyCMA (Chol), CMA-ES (CMA) and Diagonal CMA
(Diag) as implemented in pycma library, SphereCMA with Exponential decay (Sp exp) or inverse
function decay (Sp inv) of step size (see Sec. I11.4). Red text showed the best performing optimizer in
each condition, the multiple red scores are not statistically different (per p > 0.001). See Figure I1I-11
for the distribution of score from all 7 layers.

layer « | GA Chol CMA Diag | Spexp Spinv
0.0 | 0.525 0.838 0.770 0.823 | 0.901 0.822
conv2 0.2 | 0.473 0.654 0.626 0.685 | 0.659 0.637
0.5 | 0.406 0.565 0.545 0.633 | 0.548 0.546

0.0 | 0.443 0.791 0.793 0.812 | 0.886 0.819

conv3 0.2 | 0.398 0.618 0.607 0.663 | 0.603 0.598
0.510.345 0.524 0.492 0.526 | 0.495 0.486

0.0 | 0.378 0.758 0.723 0.728 | 0.859 0.754

conv4 0.2 | 0.358 0.554 0.546 0.618 | 0.570 0.532
0.5]0.299 0.446 0.435 0.468 | 0.440 0.420

0.0 | 0.372 0.756 0.764 0.760 | 0.913 0.792

convS 0.2 | 0.354 0.547 0.539 0.598 | 0.542 0.523
0.5]0.298 0.456 0.429 0.464 | 0.433 0.409

0.0 | 0.244 0.571 0.577 0.519| 0.766 0.613

fc6 0.2 1 0.228 0.361 0.370 0.429 | 0.404 0.399
0.5 10.201 0.309 0.276 0.276 | 0.259 0.260

0.0 | 0.320 0.663 0.706 0.659 | 0.830 0.662

fc7  0.2]0.295 0.444 0.435 0.457 | 0.438 0.404
0.510.249 0.338 0.344 0.345| 0.310 0.318
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0.0 | 0.308 0.703 0.733 0.600 | 0.865 0.712

fc§ 0.2 0.281 0.448 0.458 0.439 | 0.473 0.446
0.5]0.228 0.328 0.319 0.324 | 0.316 0.305

Average | 0.333 0.556 0.547 0.563 | 0.596 0.546
runtime 16.6 424 970 6.6 254 259
(s)

II1.3 The Analysis of CMA Evolution

Why did CMA-type algorithms perform so well? Was it the covariance updates, adaptation of step
size, or a fortuitous match between the geometric structure of the latent space and the algorithm? We
were motivated to find which component contributed to its success. We reasoned that the optimizers
should work best when they conform to the geometry of the generative image manifold G, and the
geometry of neuronal tuning function f on the manifold. So, we focused on analyzing the geometry of
the search trajectory with respect to the geometry of image space (Wang and Ponce, 2021). When
available, we analyzed the in silico and in vivo evolutions back-to-back to validate the effect.

I11.3.1 The "Dysfunction" of Covariance Matrix Adaptation

First, we noticed that in a high-dimensional space, the covariance matrix updates were impaired in the
original (1/u,, ,A) CMA or CholeskyCMA algorithm. In the default setting®, the covariance learning
rates ¢q,¢, < 1/ d?, which were exceedingly small at d = 4096. Thus, the covariance matrix was
updated negligibly and could be well approximated by an identity matrix. Recently, this was also pointed
out in (Akimoto and Hansen, 2020) (Sec.4,5) and the authors proposed to increase the learning rate in

Diagonal CMA. We tested the effectiveness of this modification.

6 See the default setting of ¢y, c,, in Tab. 2 of (Hansen, 2016).
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Empirically, we validated this for the original, Cholesky, and Diagonal CMAES algorithms. We
quantified this by measuring the condition number of the covariance matrix x(C) and its relative distance

to identity matrix A(C).

Amax(c) ”C _1”127

MO =m© YO T0R

We found that the final generation condition number k(C) of the CholeskyCMA was 1.000175 +
0.000004 (mean =+ std, N = 175, same below), while the relative distance to identity A(C) was 8.05 +
0.31 X 10712, In comparison, condition number k(C) for the original CMAES was 1.002739 +
0.000046, and for the Diagonal CMA, 1.124728 + 0.034774. The relative distances A(C) to the identity
matrix were 7.13 + 0.01 X 1078 and 1.63 + 0.21 X 10~* for original CMA and Diagonal CMA
algorithms. Though as designed, Diagonal CMA updated the covariance matrix more effectively than the
other two CMA algorithms, its final covariance was still quite isotropic. On the other hand, for the
original and CholeskyCMA algorithm, we could safely approximate the exploration distribution

p(zt(?1|mt) by an isotropic Gaussian scaled by the step size o,

p(22:m.) ~ N (me, €©) = Wy, 0,0)

This isotropic exploration throughout the Evolution experiments simplified subsequent analyses of the
algorithm.

How is this related to the performance of the algorithm? This relates to the interaction between the unit
layer and optimizer, noted above (Sec. I11.2.2, Table III-1, Table III-2): the Diagonal CMA outperformed
original CMA in earlier layers of CNN but not in deeper layers. It seems the faster update of diagonal
covariance matrix was only beneficial for units in earlier layers. The diagonal covariance was designed

for a separable, ill-conditioned functional landscape. We noticed that although all units had highly ill-
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conditioned landscapes, the units in shallower layers had tuning for fewer dimensions than units in
deeper layers (Sec. 111.6.4). In other words, the units in earlier layers had a larger invariant space, and a

diagonal covariance might suit this landscape better than the more complex ones for deeper units.

In short, we conclude that the effectiveness of CMA-type algorithm was not in its adaptation of the

exploratory distribution shape, and we postulate that it could work with fixed covariance.

I11.3.2 Evolution Trajectories Showed a Sinusoidal Structure, Characteristic of
Random Walks

Next, we investigated the geometric structure of the Evolution trajectories, through the lens of
Principal Component Analysis (PCA), a linear dimension-reduction algorithm. For each experiment, we
computed the mean latent vector for each generation {z;},t = 1...T, and applied PCA to this T-by-d

matrix of mean vectors (T = 75).

We found a pervasive sinusoidal structure to the typical trajectory. When a given trajectory was
projected onto the top principal components (PC), the projection resembled cosine waves (Figure I11-3
A). On the kth component, the projected trajectories were well-fit by cosine functions of frequency km:
Acos(kmt/T) (Figure ITI-19A). If we allowed the phase and frequency to be fit, A cos(2rw (/T +
ql))), the fit R? was above 0.80 for the top 16 PCs for 95% of trajectories (Figure III-19B). As a result,
projecting the mean trajectory onto the top PCs will result in Lissajous curves (Figure I11-21). Further,
we analyzed the PCs of the in vivo Evolution experiments (N = 264), and found the same sinusoidal

structure (Figure I11-3 C). Even for control evolutions driven by noise, this sinusoidal structure persisted

(Figure I11-20).

This intriguing structure was reminiscent of the PCA of another type of high-dimensional optimization

trajectory: that of neural network parameters during training (Lorch, 2016). This structure was later
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observed and analytically described for high-dimensional random walks or discrete Ornstein-Uhlenbeck
(OU) processes guided by potential (Antognini and Sohl-Dickstein, 2018). To test this connection, we
examined the explained variance of each principal components (Figure I1I-3 B). We found that the
explained variance p(k) of the kth PC was well approximated by Eq. I1I-4, which was derived as the
theoretical limit for PCA of random walk with T steps in high-dimensional space’ (Antognini and Sohl-
Dickstein, 2018). If we take the step number T — oo to infinity in Eq. I1I-4, the explained variance of kth

PC scales with k™2 (Eq. I1I-4), showing a fast decay.

-1

(k) = _;—[1_(:05(7;1()] lim (k) = _6 I11-4
p 1 - ’ Tl—>oo p m2k? ( )
6

Indeed, both in theory and in our data, the first principal component explained more than 60% variance
of mean evolution trajectory, and the top five PC explained close to 90% of the variance (Figure I1I-3 B).
In this view, the evolution trajectory of mean latent code Z of CMA-ES could be regarded as a (guided)

random walk in high dimensional space, with its main variance residing in a low-dimensional space.

7 Our Eq. 8 was adapted from Eq.12 in (Antognini and Sohl-Dickstein, 2018). We found the original equation had the
incorrect normalization factor, so we corrected the denominator as it is now.
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How are evolutionary trajectories related to random walks? In the extreme, when the response is pure
noise, the randomly weighted average of the candidates {Zt(i) } will be isotropic; thus each step
p(m,,1|m,) is taken isotropically. Intuitively, this is close to a random walk. In our evolutions, the
selection of candidates was biased by the visual-attribute tuning of units or neurons, thus their associated
trajectories were random walks guided by given potentials. As derived in (Antognini and Sohl-Dickstein,
2018), for random walks guided by quadratic potentials, the structure of trajectory should be dominated
by the dimensions with the smallest driving force (curvature). As we will see below (Sec. I11.3.3, Sec.
I11.6.3, 111.6.4), the latent space had a large portion of dimensions to which the units were not tuned. This
may explain why our evolution trajectories looked like random walks via PCA. In summary, we
interpreted this as an intriguing and robust geometric property of high-dimensional curves (Antognini and

Sohl-Dickstein, 2018), but its full significance remains to be defined.
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Figure I1I-3 Sinusoidal Geometry of Evolution Trajectory as a Signature of Random Walk. A. Mean
search trajectory projected onto the first 8 PCs of an example Evolution. B. Explained variance of each
PC coincided well with the theoretical value (Eq. I111.4) N = 210 runs plotted, precisely overlapping.
C. Mean evolution trajectory projected onto top 4 PCs for N = 264 Evolution experiments in vivo.
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I11.3.3 Evolution Trajectories Preferentially Travel in the Top Hessian
Eigenspace
Given that individual trajectories had a low-dimensional structure, we asked if there was a common

subspace that these Evolution trajectories collectively shared. We reasoned that each optimization
trajectory should lead to a local optimum of the tuning function of each given CNNs unit or cortical
neuron, encoding relevant visual features. Though different neurons or units prefer diverse visual
attributes of different complexity (Rose, Johnson, Wang and Carlos R. Ponce, 2021), it was possible that
the preferred visual features populated certain subspaces in the latent space of our generator.

We first collected the in silico Evolution trajectories of N = 1050 runs, across all conditions, and

represented each trajectory by the mean code from the final generation, i.e. the evolution direction {; .
We shuffled the entries of each vector {( j}, j =1..N to form a control collection of evolution directions

{( Sh ﬂ}, preserving their vector norms. We found that the collection of observed Evolution directions was

lower-dimensional than its shuffled counterpart: by PCA, the explained variance of top 7 PCs was larger

than the shuffled counterpart (p < 0.005 comparing to 500 shuffles, Figure 111-14).
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Figure I1I-4 Evolution Directions Preferably Aligned with the Top Hessian
Eigenspace. Mean distance traveled along each eigenvector, plotted against
the log eigenvalue. A. In silico evolutions, shuffled code and evolution
driven by noise. The cutoff line (at 800th eigenvalue) plotted in dashed line.
Regression lines plotted for the top 800 points for each condition. B. Same
as A but for in vivo evolutions, and in silico noise-driven evolutions
matching the generation number or norm of each in vivo evolution.

Next, we examined the relationship between the collection of trajectories and the global geometry of
the space (Sec. I11.6.3). Previously, we reported that the latent space of the generator exhibits a highly
anisotropic geometry, as quantified by the Riemannian metric tensor H of this image manifold (Wang
and Ponce, 2021). The bilinear form vT Hv defined by this Riemannian metric tensor represented the
degree of image change when moving in direction v. Consequently, moving in top eigen-directions
changes the generated image much more than other directions, while moving in the bottom eigenspace
scarcely affects the image (Figure III-15 B,C). Moreover, this structure is homogeneous in the space,
thus similar directions will cause rapid image change at different positions in the latent space. Thus,
there exist global dimensions that affect the image a lot, and dimensions that do not. We hypothesized

that the optimization trajectories might preferentially travel in some part of this eigenspace.
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We used the averaged metric tensor H from Wang and Ponce (2021, (Wang and Ponce, 2021)). Its
eigenvectors U = [uq, Uy, ... uy] with eigenvalues A,k = 1 ...d became our reference frame for

analyzing trajectories. We projected the collection of evolution directions {( j} onto this basis, and
examined the mean projection amplitude on each eigenvector > YP1ul¢;| as a function of eigenvalue A

(Figure II-4 A). Since for in silico experiments, the initial generation was the origin, this quantity was
the average distance travelled along the eigenvector across runs. We expected the trajectories to travel
further for eigen-dimensions where more CNN units exhibit “gradient”.

We applied the Kolmogorov—Smirnov test to determine if the distribution of projection coefficient in
the top and bottom eigendimensions were different. We found that the projection coefficients onto the top
800 eigen-dimensions as a distribution were significantly different from those onto bottom dimensions
(KS statistics 0.223, p = 9.3 x 1078, Figure 11I-4 A). Further, within the top 800 PC dimensions, the
mean traveled distance strongly correlated with the log eigenvalues (Pearson correlation 0.738, p =
2.8 X 107138 Figure 1II-4 A), i.e. the trajectories tended to travel further for dimensions with larger

eigenvalues.

As for in vivo evolutions, we examined the collection of evolution trajectories (N = 264 from two
monkeys, (Rose, Johnson, Wang and Carlos R. Ponce, 2021)) and projected them onto the Hessian
eigenframe as above. We found that they preferentially aligned with the top eigenspace than the lower
eigenspace (Figure I1I-4 B): the distance traveled in the top 800 eigenspace correlated with the

eigenvalues (Pearson correlation 0.319, p = 1.2 X 1071%),

Since in vivo evolutions used a set of initial codes {Z(() )} instead of the origin, we used noise-driven

evolutions starting from these initial codes as control. As a baseline, the noise-driven evolutions had a
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lower correlation between the distance traveled and the eigenvalues (r = 0.198 for the noise evolution
with matching generations; r = 0.223 for that with matching code norm). Our results were robust to the

choice of cutoff dimension (600-1000).

In conclusion, this result showed us that the evolution trajectories traveled further in the top
eigenspace, and the average distance traveled was positively correlated with the eigenvalue. How do we
interpret this effect? Since the top eigen-dimensions change the images more perceptibly, the tuning
functions of neurons and CNN units were more likely to exhibit a "gradient" in such subspace. As the
lower eigenspace did not induce perceptible changes, those dimensions barely affected the activations of
units or neurons. Thus, no signal could guide the search in lower eigenspace, inducing dynamics similar
to pure diffusion. As the visually tuned units could exhibit gradient in the top eigenspace, the search

would be a diffusion with a driving force, allowing the optimizers to travel farther in the top eigenspace.

111.3.4 The Spherical Geometry of Latent Space Facilitated Convergence
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Figure III-5 Angular Distance as a Better Proxy for Image Distance. We show L2 and
angular distance between pairs of mean codes Z; across 75 generations, and perceptual
distance (LPIPS) between pairs of images generated from mean codes.

Finally, we noticed one geometric structure that facilitated the convergence of the CMA algorithm. For
the DeePSim generator (Dosovitskiy and Brox, 2016b) with DCGAN architecture (Radford, Metz and

Chintala, 2015), the mapping G was relatively linear. Namely, changing the scale of the input zmainly
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affected the contrast of the generated image G (z) (Figure I11-15). Thus, when the base vector z, has a
larger norm, travelling the same euclidean distance Az will induce a smaller perceptual change; in
contrast, traveling the same angular deviation 46 will result in a similar pattern change regardless of the
norm of the base vector z, (Figure III-16). We reasoned that the angular distance in latent space would

be a better proxy to the perceptual distance across generated images.
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Figure I1I-6 Perceptual Variability Better Modelled by
Angular Distance. We plot the average angular distance
of latent codes within each generation; Euclidean
standard deviation @,; and the mean LPIPS image
distance within each generation.

We validated this using the perceptual dissimilarity metric Learned Perceptual Image Patch Similarity
(LPIPS, (Zhang et al., 2018)). We measured image variability in each generation using the mean LPIPS
distance between all pairs. We measured the code variability by the standard deviation (std) of latent
codes g, averaged across d dimensions, which was an estimate of the step size o, and was strongly
correlated with the mean L2 distance among codes. We also measured the mean angular distance
between all pairs of codes in each generation. We found that the std of latent codes 6; decreased from

0o = 3.0 (first generation) to 67 = 2.31 + 0.04 (N = 1050), and hit the floor at around 25 generations
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(Figure II1-6). In contrast, the perceptual variability kept decreasing till the end, which was better
approximated by the trend of angular variability within each generation (from 1.57 rad to 0.50 rad, Figure
II1-6). This discrepancy of Euclidean and angular distance was mediated by the increasing vector norm
during evolution: we found that the squared norm of the mean latent codes Z; scaled linearly with
generation ||Z||? o« t (R? = 0.9985 + 0.008, N = 1050, Figure I1I-20C), which is a classic property of
a random walk. As a combined effect of the increasing vector norm and the decreasing step size o, , the
angular variability within a generation decreased towards the end. Similarly, we found that across each
given trajectory, angular distance was also a better proxy for the perceptual distance between images than
L2 distance (Figure I1I-5). The mean-code images from late generations were more similar to each other
than the ones from initial generations, as predicted by the angular distance between the mean vectors —
but not L2 distance.

For a visual neuron or a CNN unit, the perceptual distances across images matter more. Thus, when
designing the new optimizer, we reasoned it should control the angular step size as a proxy to perceptual

distance, instead of the Euclidean distance (o) (Sec. 111.4).

I11.4 Proposed Improvement: SphereCMA

Finally, we proposed an optimizer incorporating the findings above. We would test whether this new

optimizer could perform as well as the original CMA algorithms.

This optimizer is designed to operate on a hypersphere, thus it was called SphereCMA (Algorithm 1).
This design was guided by the training of the image generator G. Many generative models (GAN) were
trained to map an isotropic distribution of latent codes p(z) (e.g. Gaussian (Karras, Laine and Aila, 2019;
Karras et al., 2020) or truncated Gaussian (Brock, Donahue and Simonyan, 2018)) to a distribution of

natural images. Thus, the generator G has only learned to map latent codes z sampled from this
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Figure III-7 Schematics of SphereCMA Update Procedure

distribution. In a high-dimensional d space, the density of standard normal distribution concentrates

around a thin spherical shell with radius R = v/d. Due to this, latent codes should be sampled from this

hypersphere to obtain natural images. Thus, we enforced the optimizer to search on this sphere.

To design it, we leveraged the principles we learned from CMA-ES and the geometry of the latent
space. First, since higher contrast images usually stimulate neurons or CNN units better, we set the
spherical optimizer to operate at a norm comparable to that achieved by the end of a successful evolution
experiment (R = 300), ensuring a high contrast from the start. Second, since the covariance matrix
update did not contribute to the success of the CMA-ES algorithm in this application (Sec. II11.3.1), we
kept the algorithm exploring in an isotropic manner, without covariance update. To sample codes on the
sphere, we used a trick from differential geometry, sampling vectors v; isotropically in the tangent space
of the mean vector m, , and then mapping these tangent vectors onto the sphere as new samples z§21
(Figure III-7). Third, since the angular distance better approximated the perceptual change in the image

(Sec. 111.3.4), we controlled the perceptual variability in each generation by sampling codes with a fixed

angular distance (the step size u) to the mean vector. Fourth and final, as the latent vector norm was
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fixed, the SphereCMA lacked the step size shrinking mechanism endowed by increasing code norm (Sec.
I11.3.4). We built in an angular step size decay function ug..(t) modelling the dynamics in Figure I11-6,

to help convergence.

We tested this algorithm against other CMA-style algorithms in the same setup as in Sec. I11.2.2.
Specifically, we tested two versions with different step-size-decay function pg.., €xponential (Sp Exp)
and inverse function (Sp Inv). The change of angular step size through generations is shown in Figure

III-18, the parameters for the decay function were tuned by Bayesian optimization and fixed.

We found that, SphereCMA with exponential decay (Sp Exp) outperformed all other CMA algorithms
when pooled across all noise levels and layers (Table III-1, two-sample t-tests, t,59g = 4.03,p =
5.7 X 107> for CholeskyCMA, t,05 = 4.92,p = 9.1 X 10~7 for original CMA, t,95 = 3.30,p =
1.0 X 1073 for Diagonal CMA, N = 1050). Compared to CholeskyCMA, SphereCMA surpassed its
achieved activation by around 7%. Interestingly, when we compared the performance per noise level, we
found that SphereCMA-Exp was the best performing algorithm under the noise-free condition (¢ = 0)
across the seven layers (two-sample t-test, tgog > 9,p < 1 X 10720 for all of CholeskyCMA, original
CMA and Diagonal CMA; runs were pooled across 7 layers, N = 350, same below). But in noisier

conditions, it performed comparably or sometimes worse than other CMA optimizers: at « = 0.2, 0.5 all
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comparisons with other optimizers were not significant except for SphereCMA-Exp vs Diagonal CMA at

a = 0.5 (tgog = —3.08,p = 2.2 X 1073). For optimization trajectory comparison, see Figure I1I-9.

Algorithm 1 SphereCMA

Require: Objective f(.), space dimension d, radius R, population size B, step size decay
function pgec(. ), learning ratio Ir = 1.5

Subroutines ExpMap (Alg.2), SphereExtrapolate (Alg.3) RankWeight (Alg.4)

Isotropically sample B vectors Z(()i) with length R in R%

for t = 0 : maxstep do
Evaluate objective function f for samples r; = f (Zt(i))
Compute weights w based on the rank of scores r.
Weighted average the samples m,, < Y; Wl-Zt(i) / 2iw;
Normalize m,, to norm R, m,, < Rm,,/|m,,|
Fetch the current center vector m; « Zt(o)

Calculate the new center vector m;,, by spherical extrapolation along the arc from m; to

m,, by Ir.

Sample B isotropic random vectors, e.g. u; ~ N (0, 1d )

Project u; to the tangent space of new center My, ;. V; < U; — My Mry U /| Mesq|?

Get current angular step size p < Hgec(t)

Get new samples Zt(i)l by exponential map from the center m;,; along the tangent vectors
v; with angle p. Zt(_l|_)1 « ExpMap(th, thang)

Add the new center vector to the population Zt(g)l “— Mpyq

end for

Overall, this result confirmed that the principles extracted from analyzing CMA-style algorithms were
correct and crucial for their performance. By building these essential structures into our spherical
optimizer, we could replicate and even improve the performance of CMA-ES algorithms. Finally, the
interaction between the performance of SphereCMA-Exp and the noise level, provided us a future
direction to find the source of noise resilience in the original CMA algorithm and improve on the

SphereCMA algorithm.

110


https://ar5iv.labs.arxiv.org/html/2204.06765#alg2
https://ar5iv.labs.arxiv.org/html/2204.06765#alg3
https://ar5iv.labs.arxiv.org/html/2204.06765#alg4

IT1.5Discussion

In this study, we addressed a problem common to both machine learning and visual neuroscience —
the problem of defining the visual attributes learned by hidden units/neurons across the processing
hierarchy. Neurons and hidden units are highly activated when the incoming visual signal matches their
encoded attributes, so one guiding principle for defining their encoded information is to search for stimuli
that lead to high activations. Since the brain does not lend itself to gradient descent, it is necessary to use
evolutionary algorithms to maximize activations of visual neurons in vivo. Here, we identified a class of
optimizers (CMA) that work well for this application and analyzed why they perform so well, and finally
developed a faster and better optimizer (SphereCMA) based on these analyses. Here are some lessons we
learned in this exploration. First, screening with comprehensive in silico benchmarks accelerates the
algorithm development in vivo. Secondly, geometry of latent space matters. As a general message, when
developing optimizers searching in the latent space of some generative models, we should pay attention
to the distance structure i.e. geometry of the generated samples (e.g. images) instead of the latent space.
Optimizers leveraging space geometry shall perform better. We hope our workflow can help the
optimizer design in other domains, e.g. search for optimal stimuli in other sensory modalities and drug

discovery in molecular space.
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II1.6 Appendix

I11.6.1 Details of Pre-trained CNN Models

In this work, we used units from two pretrained CNN models, AlexNet and ResNet50-robust. Both were

pre-trained for object recognition on ImageNet (Deng et al., 2009).

AlexNet: The architecture and weights were fetched from torchvision.modelzoo. As for layers, we
used the activations from conv2-fc8 layer, the activation were non-negative (post ReLU rectification)
except for fc8, which we used the logits.

ResNet50-robust: The architecture were defined in torchvision.modelzoo, with the weights fetched
from https://github.com/MadryLab/robustness. We used the version with adversarial training setting: Z.
norm with strength 8/255. It has been noticed that the adversarially trained network exhibited more
perceptually aligned gradients, the direct gradient descent from the units could generate impressive
feature visualizations. We used this model in our benchmark since the achieved activations were harder
to be affected by "adversarial" patterns generated by the generator. For layers, we used the output of last
Bottleneck block from layerl-4, namely layerl.Bottleneck2, layer2.Bottleneck3, layer3.Bottlenecks,

layer4.Bottleneck?2, and the linear layer before softmax.

Table I1I-2 Statistical Test of Factors Affecting of CMA-type Algorithm Performance Model formula in
R style: score ~ C(optimizer) + noiselevel + layernum + C(optimizer):layernum +
C(optimizer): noiselevel. The factor optimizer had three categorical levels: CholeskyCMA, CMA,
Diagonal CMA, noiselevel had three continuous values: 0.0, 0.2, 0.5, layernum had seven continuous
values, 2 to 8 encoding conv2 to fc8. Data were subset of the benchmark dataset 2, Tab.1.

sum sq df F Pr(>F)
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optimizer 0.14 2 340 3.36x10702
layernum 19.14 1 953.56 4.39 x 10-183
noiselevel 43.56 1 2170.60 0.0
optimizer:layernum 0.60 2 14.98 3.33x 10707
optimizer:noiselevel 0.19 2 4.66 9.58 x 10703
Residual 63.03 3141

I11.6.2 Detailed Methods for in vivo Evolution Experiments
Here we detailed the method by which we conducted in vivo Evolution experiments, same as that in

(Ponce et al., 2019b; Rose, Johnson, Wang and Carlos R. Ponce, 2021).

Two macaque monkeys (A,B) were used as subjects with Floating Multielectrode Array (FMA)
implanted in their visual cortices, in V1/V2, V4 and posterior IT. In an electrophysiology experiments,
the electric signal recorded in each electrode (i.e. channel) will be processed and the spikes will be
detected from it using an online spike sorting algorithm from Plexon. These spikes represented the
output from a few neurons or a local population in the visual cortex. In an in vivo session, we first
performed a receptive field mapping experiment. An image was rapidly (100ms duration) showed in a
grid of positions in the visual field. The spike times following the stimuli onset will be binned into a
histogram, i.e. post-stimulus time histogram (PSTH). We measured the spatial extant where the image
evoked neuronal responses above the baseline level. Based on the PSTH of the recorded units, we
selected a responsive unit, with a well-formed receptive field as our target unit. This was the in vivo

counterpart of the unit we selected in CNN in silico.
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Finally, we performed the Evolution experiment. During the experiment, the images would be
presented to the animal subjects on the screen in front of them, centered at the receptive field found
previously; each image were presented 100ms followed by a 150ms blank screen. The spike count in
[50, 200] ms time window after the stimulus onset was used as the score for each image r;. A set of 40
texture images from (Freeman and Simoncelli, 2011) were inverted and then generated from the
generator G; they were used as the initial generation {z?}. After the neuronal responses to all images in a
generation were recorded, the latent codes {z}} and recorded responses {r;} were sent to the optimizer,
which proposed the next set of latent codes {z}*'}. These codes were mapped to new image samples
{G(zf*1)} which were showed to animal subjects again. This loop continued for 20-80 rounds until the
activation saturated or the activation didn’t increase from the start. When we compared two optimizers
(CMA vs GA in Sec. II1.2.3), we ran them in parallel, i.e. interleaving the images that were proposed by
the two optimizers. This ensured that the performance difference of the two optimizers were not due to

change in signal quality or in electrode position.
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Figure III-8 Figure A.1: Score Traces Comparison of Nevergrad Optimizers with an Example Unit.
Left: Cumulative max score as as a function of number evaluation for each optimizer. Right:
Scores of images plotted as a function of generations for each optimizer. The red solid trace and
shading represented the mean and sem of scores each generation. Note the vast difference in the
total generation number among optimizers. As the highest performing optimizers, CMA and
Diagonal CMA also used the largest number of generations. All runs were performed with the unit
1 (0-indexing) in the final Linear layer of ResNet50-robust, without noise.
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Figure I1I-9 Figure A.2: Score Traces Comparison of GA, CMA and Spherical Optimizers with an
Example Unit. Left: Cumulative max score as a function of number of evaluation (image presentation),
with scores of individual images showed as the cloud with same color. Right: Scores as a function of
generations. The red solid trace and shading represented the mean and sem of scores each generation, 5
runs with different random seeds were showed. All runs were performed with the unit 1 (0-indexing) in
the final fc8 layer of AlexNet, without noise.
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Figure I1I-10 Figure A.3: Comparison of Generated Images from the Code with Highest Score for
each Optimizers The objective function was the noise-free unit 3 in fc layer of ResNet50-Robust
which corresponds to ImageNet label tiger shark. Arguably, the images with highest scores (noted
in title) found by CMA and Diagonal CMA contained features we associated with "tiger shark",
which was consistent with the function of the target unit — to classify images as tiger shark.
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Interaction of Layer, Noise Level and Covariance Update Rule on Optimizer Performance
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Figure III-12 Figure A.5: Interaction between unit depth, noise level and covariance update rules on
optimizer performance in CNN. Plotted with the same experimental data as Tab. 1. Same plotting
convention as Fig. A.4. The statistical test for interactions showed in Tab. A.1.
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Figure IlI-11 Figure A.4: Layer-wise performance comparison of CMA-style algorithms. Plotted with
the same data as Tab. 1. Box and inset represent quartiles of the normalized scores for units in each
layer.
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Figure I11I-14 Figure A.6: Raw Activation Achieved by CMA and GA in in vivo Comparison
A. Comparing the response amplitude (firing rate in 50-200ms with baseline rate subtracted)
in the last 2 generations for the two optimizers, mean + sem were showed.
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Figure III-13 Figure A.7: Collection of Evolution Trajectories were Lower
Dimensional. A. Comparing the SVD of the collection of in silico evolution
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Table II1-3 Table A.2: Performance Comparison of Nevergrad Optimizers per Layer and Noise-level.
CMA and Diagonal CMA excelled at all noise level and layers than other algorithms. The performance
gaps were larger for deeper layers and higher noise level.

Abbreviations: RN50: ResNet50-robust; L1-Btn2: layerl-bottleneck2. Name of optimizers: Diag:
Diagonal CMA; SQP: SQPCMA; Rescaled: RescaledCMA; NG: NGopt; 2pDE: TwoPointsDE; 1+1:
OnePlusOne; Rand: RandomSearch.

These full names could be used to fetch optimizers from the registry of nevergrad package by
ng.optimizers.registry[optimname]. Due to the limitation of interface of nevergrad, we didn’t record the
clean score before adding noise. This should make the score distribution noisier but will not change the
rank of the algorithms.

net-layer @ |CMA Diag SQP RescaES NG DE 2pDE PSO 1+1 TBPS Rand

led A
0.0 0.478 0473 0.345 0218 0.325 0.359 0.347 0.358 0.222 0.237 0.209 0.213
RN];on-le- 02 10.599 0.582 0.426 0.240 0.416 0.425 0.417 0.428 0.274 0.322 0.255 0.252

0.5 10.809 0.801 0.558 0.326 0.572 0.555 0.575 0.607 0.376 0.443 0.367 0.361

0.0 0.545 0.534 0.346 0.318 0.331 0.351 0.360 0.370 0.197 0.203 0.208 0.208

RNS50-L2-

Bin3 0.2 0.637 0.644 0.401 0.326 0.410 0.411 0.392 0.449 0.220 0.281 0.249 0.250

0.5 0.831 0.825 0.529 0.442 0.565 0.574 0.520 0.606 0.303 0.409 0.335 0.338

0.0 0.578 0.567 0.344 0.174 0.230 0.283 0.279 0.301 0.111 0.121 0.131 0.128

RNS50-L3-

Bins 0.2 0.619 0.600 0.357 0.173 0.270 0.311 0.308 0.325 0.123 0.176 0.142 0.138

0.5 0.846 0.787 0.458 0.203 0.370 0.422 0.411 0.411 0.164 0.234 0.206 0.205

0.0 0.624 0.631 0.259 0.139 0.188 0.236 0.227 0.243 0.096 0.104 0.090 0.095

RN50-L4-

Btn2 0.2 0.667 0.656 0.272 0.124 0.217 0.238 0.243 0.258 0.105 0.134 0.106 |0.106

0.5 0.724 0.740 0.267 0.130 0.279 0.294 0.316 0.335 0.137 0.192 0.149 0.141

0.0 0.721 0.651 0.311 0.225 0.190 0.214 0.238 0.256 0.090 0.096 0.093 0.095
RN50-fc 0.2 0.664 0.678 0.336 0.151 |0.218 0.234 0.242 0.252 0.098 0.132 0.108 0.107
0.5 0.760 0.753 0.351 0.163 0.292 0.286 0.304 0.324 0.135 0.171 0.139 |0.144
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0.0 0.592 0.585 0.254 0.100 0.236 0.317 0.324 0.338 0.087 0.135 0.075 0.081
if\; 0.2 0.643 0.657 0.278 0.080 [0.284 0.387 0.356 0.371 0.096 0.181 0.086 0.087
0.5 0.792 0.751 0.331 0.093 0.374 0.421 0.438 0.423 0.106 0.242 0.107 0.112
0.0 [0.658 0.657 0.327 0.125 |0.214 0.306 0.310 0.298 0.083 0.092 0.078 0.075
CAOIEZ’ 0.2 (0.689 0.697 0.296 0.100 [0.245 0.298 0.316 0.307 0.083 0.140 0.084 0.080
0.5 (0.822 0.762 0.314 0.112 |0.336 0.376 0.370 0.367 0.110 0.184 0.106 [0.106
0.0 0.710 0.661 0.342 0.014 |0.186 0.259 0.271 0.267 0.059 0.073 0.067 [0.064
CA(}E§-5 0.2 0.676 0.656 0.362 0.012 |0.227 0.286 0.262 0.267 0.068 0.113 0.072 0.072
0.5 10.798 0.764 0.438 0.018 [0.295 0.346 0.343 0.335 0.090 0.163 0.089 0.094
0.0 0.824 0.722 0.318 0.117 |0.202 0.259 0.277 0.276 0.086 0.121 0.084 |0.082
Alex-fc7 0.2 [0.688 0.617 0.324 0.080 [0.242 0.273 0.281 0.277 0.097 0.159 0.093 |0.091
0.5 (0.749 0.739 0.354 0.098 [0.327 0.381 0.351 0.377 0.136 0.219 0.126 0.122
0.0 0.814 0.768 0.334 0.199 [0.173 0.224 0.223 0.228 0.069 0.089 0.089 0.087
Alex-fc8 0.2 (0.680 0.672 0.351 0.137 [0.205 0.221 0.237 0.243 0.076 0.117 0.098 0.099
0.5 (0.744 0.695 0.382 0.127 [0.262 0.304 0.295 0.308 0.100 0.168 0.140 0.136
Average 0.700 0.677 0.352 0.159 0.289 0.328 0.327 0.340 0.133 0.181 0.139 0.139
Runtime(s) 126.45.5 129.6 133.5 38.9 69.2 69.5 39.3 4543 38.3 385 385
RNS50 1
Std 38259 342 396 29 54 55 29 310 27 29 28
Runtime(s) 104.23.0 118.6 107.1 16.2 48.8 479 16.8 4354 16.8 17.5 17.6
Alex 5
Std 30,045 677 31.1 15 48 48 16 361 1.6 22 22
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I11.6.3 Geometry of the Generative Image Manifold
As showed in (Wang and Ponce, 2021) (Chapter II), the deep neural network image generators

usually have a highly anisotropic latent space. We visualized it in Figure I11-18 B,C. When travelling the
same distance along an eigenvector, it induced a much larger perceptual change in the image when the
eigenvalue was larger; and eigenvectors like the rank 1000 one (Figure III-18 B) merely changed the
image in the range tested. Thus, these lower eigenvectors formed an effective "null space" where the
input was not meaningful to the generated images or the activation of the units or neurons. In later
development of optimization algorithms (Wang and Ponce, 2021), we projected out the lower eigen-
dimensions and only optimized the top eigen-dimensions of the generator. This could reduce the search

dimensionality to around 500d.

As for the spherical geometry of the generative image mapping G, it can be seen from Figure I11-18,
scaling the latent vectors will majorly change the contrast instead of content of the generated image. This
made angular distance relevance to our generator. However, unlike anisotropy, this linearity of G is not a
general property of generators. For other image generators such as BigGAN, StyleGAN (Brock, Donahue
and Simonyan, 2018; Karras, Laine and Aila, 2019; Karras et al., 2020), scaling the latent vector will not
result in a scaling in pixel space: the image content will also change. We suggest that for these generator
spaces, the code norm should not be fixed but should be varied and explored during optimization. So,
when developing optimizers in those latent spaces, as code norm increases automatically for CMA type
algorithm due to diffusion, unconstrained evolution will bias the generated image towards those images

with larger code norms.
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Angular Explore Euclidean Explore
-A8 0 + A6 -Az 0 + Az

Figure I1I-15 Figure A.8: Example of Exploration with fixed distance versus fixed angle.
Images generated from a random vector zg and its scaled versions 3zg, 5z, were showed in
the center columns. Left panel visualized the perturbed vectors by the same angle 40; Right
panel showed the perturbed vectors by a fixed vector Az. The first rows in two columns the
same. In left panel, the columns are more similar; while in right panel, the images in the 2nd
and 3rd rows were more similar. We argued that with perturbation of the the same Euclidean
length, the effect on image will decrease for a base vector of larger norms. But perturbation of
the same angle will result in similar perceptual change regardless of the norm of the base
vector. Also see illustration in Fig. B.1A

A. Spherical Geometry B. Global Anisotropy C
g (53 25 : - — eig 2
E ) 3 ﬁt(ﬂ 1 05 — eig 4
il il Ly it — eig16
- 9 4"‘“. ' > ’ — eig64
. p & — eig 256
. N [ Ly 04 — eig512
— eig 1024

— Euclidean deviation
~— Angular deviation

Latent space L2 distance
Figure I1I-16 Figure B.1: Spherical Geometry and Anisotropy of the Generative Image Space. A.
illustrates the spherical geometry of generative space. B. illustrates the anisotorpic structure of the
generative space. Each row visualizes the effect on generated image by perturbing the reference code z0
along an eigenvector by L2 distances d = —100,—-50,0,50,100, i.e. zy + du,. The rows correspond
to five eigenvectors (number k = 2,4, 16, 64,256), showed in descending order of their eigenvalues.
C. The LPIPS image distance as a function of the Euclidean distance along each eigen dimensions. The
images in B visualized the perceptual meaning of the LPIPS distances in C. Structure of B.C. was
inspired by Fig.1 in [31].
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111.6.4 Geometry of the Tuning Function Landscape

The geometry of the latent space is important for the effectiveness of optimization
algorithms. More important is the geometry of the objective function in this space. As a
foundation, we characterized the geometry esp. curvature of the tuning functions of in silico
units. Recall the tuning function of unit in the image space f:J — R, and the image generative
map G:R% — J. The effective function to be optimized in our problem was their composition f o
G:R* = R, we measured its curvature by computing the Hessian spectra of f o G. Intuitively,
this eigenvalue represented the sharpness of tuning along the eigenvector in the latent space: a
larger eigenvalue corresponds to a sharper tuning and a smaller eigenvalue corresponds to a

broader tuning.

Hessian of Landscape Compared across CNN Hierarchy Hessian of Landscape Compared across CNN Hierarchy
Evaluated at peak of act max Evaluated at random vector
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Figure I1I-17 Figure C.1: Hessian Spectrum of Units Across AlexNet Hierarchy. Left. Evaluated
at the peak i.e. the final generation latent code of a CMAES search. Right. Evaluated at random
initialized vectors. It could be appreciated that conv1 had a sharp decay in its spectra while the
spectra of conv2, conv3, conv4 units got gradually higher dimensional. Fully connected layers fc6-
fc8 all exhibited higher dimensional and slower decay spectra.
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We selected 5 units from each of the 8 layers of AlexNet, and then searched for a local
maximum 2 for each unit using CholeskyCMAES optimizer. Next, we calculated the eigen-

0%(f°6)
0z0z

decomposition of the Hessian H = | ,+ evaluated at the local optima. We borrowed the

technique from (Wang and Ponce, 2021): we represented the Hessian matrix implicitly by
constructing a Hessian vector product (HVP) operator, and then applied Lanczos algorithm on
this linear operator to extract the top 2000 eigen-pairs with the largest absolute eigenvalues. We
examined the absolute eigen spectra, normalized by the largest absolute eigenvalue. This was
reasonable since the overall scale of eigenvalues was related to the scale of activation of the unit,

which differed from layer to layer.

We found that all the spectra were highly "ill-conditioned" spanning eigenvalues of 4 to 9
orders of magnitude. This was consistent with the findings in (Wang and Ponce, 2021). The
image generative network G is already a highly ill-conditioned mapping, such that some latent
dimensions affect the image much more than other dimensions. Since the tuning function f © G
in the latent space is a composite of f and G, the Jacobians of the two mappings multiply, so it

inherited this ill-condition of the generative map.

More interestingly, as we compared the spectra of tuning landscapes across layers, we found
that the spectra decayed rapidly for units in convl and decayed slower going up the hierarchy
from conv2 to conv5, and became much slower for units in fully connected layers fc6-fc8
(Figure I1I-17). We found similar spectral result when we evaluated the Hessian at random
vectors z,.,,4 instead of the peaks found by optimizers z*, confirming that this was a general
phenomenon of the landscape. Though we noted that, the spectra of fc layer units precipitated

sometimes, presumably because the unit was not active enough.
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We interpreted this as units in early convolutional layers were tuned for very few dimensions
in the latent space, and they were relatively invariant for a large subspace. In contrast, the units
deeper in the hierarchy were tuned for a larger dimensional space, and were selective for more

specific combination of features.

This observation was relevant to the performance of optimizers with different covariance
update rules (Table III-1). For units in earlier conv layers (e.g. conv1-5), there was a large
invariant subspace, so the peaks of optimization were easy to find, so optimizers don’t need to
find or model the exact tuning axis. In contrast, for units that tuned for hundreds-thousands of
dimensions (fc6-8) all these axes need to be be jointly optimized to achieve the highest
activation. Because of this, we reasoned that the diagonal scaling of covariance matrix may not
work well in the deeper layers like fc6-8. This could be one explanation for why Diagonal CMA
performed better than CMA in earlier layers, but not as well in deeper layers (Figure IT1I-12,

Table I1I-1).
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Figure I11-18 Figure A.9: Angular step size decay curves
for SphereCMAExp and SphereCMA-Inv.

I11.6.5 Additional Analysis: Dimensionality of the Collection of Evolution

Trajectories
We tested if the collection of evolution trajectories exhibited a lower dimensionality than

shuffled controls. We collected the evolution trajectories of N = 1050 runs, across all noise
level and layers and their PC structure. Since we observed that the mean trajectories could be
well represented by their top PCs, we represented each search trajectory by a single vector,
evolution direction {. We computed this direction { by projecting the mean latent code of final
generation zy onto the top 5 PCs space { = Pp¢q.5(Zr) (Which explained over 88% of the
variance of the mean trajectory). We shuffled the entries of these vectors to form a control

collection of trajectories Zgpy ffie, preserving their vector norms. We shuffled 500 times to

establish statistical significance.

Generally, the collection of evolution directions were not low dimensional, with top 100

dimensions accounting for only 18.9% of variance (Figure I1I-14A). But comparing to the
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shuffled counterparts, the evolution trajectories resided in a (slightly) lower dimensional space:
The first 7 singular values were larger than the shuffled counterpart (p < 0.005, Figure
III-14A). This signature suggested that the search trajectories exhibited some common lower

dimensional structure.

A. Angular frequency of PC projections B.  Cosine Fitting R2 of Proj Curves C. PC axes for Mean Traj and All codes
(AlexNet 8 layers) (AlexNet 8 layers, N=1050, [5,95] range) 5 10 15 20 25 30 35 40 45 50
fit phase and freq

Empirical (N=210) 1.0
no fit

—— Theory fi
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Figure III-19 Figure D.1: Sinusoidal Geometry of Evolution Trajectory as Signature of Random
Walk (continued). A. Angular frequency w of the cosine fitting as a function of PC number k,
with the theory value w = k/2. N = 210 evolutions were plotted. B. R? of cosine function for
the kth PC projection. Central line showed the median, shaded area showed the [5,95]%
confidence interval. C. Top PCs for the mean trajectory and top PCs for all latent codes were
well aligned.
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I11.6.6 Additional Analysis: PCA of Evolution Trajectory Formed by All

Codes also Exhibited Sinusoidal Structure
In addition to the analysis, we did to the mean search trajectory as in Sec. 111.3.2, we

considered how individual latent codes sampled during Evolution fit into the global geometry of

the trajectory. We stacked all the latent codes {zt(i)}, t=1...,T,i =1,...np sampled by the

CholeskyCMA during Evolution into a T - np -by-d matrix X = [251), Zgz), o) Z;np )] (T-np=

3000) and applied PCA to decompose it (np is population size, T is number of generations, d is
latent space dimension). We found that the main structure of the search trajectory remained
intact: the codes projected onto top principal axes were still sinusoidal curves but with

dispersion. We compared the PC vectors computed from all latent codes, and those from the
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mean trajectory by calculating their the inner product or cosine angles. We found that the top 30
PC vectors of two basis were matched to a high degree: 28 PC vectors of the mean trajectory had
cosine angle > 0.8 with the PC vector of the same rank for all latent codes (Figure III-19C). This
showed that the global structure of all sampled codes coincided with the mean search trajectory,

while the individual codes contributed to local variability around the mean search trajectory.

A. Example PC Projections B. Explained Variance of PCs C. Norm of Mean Code
(Noise Driven) (AlexNet vs Noise Driven) — (AlexNet vs Noise Driven)
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Figure 111-20 Figure D.2: PCA of Noise-Driven Evolution also Exhibits Sinusoidal Structure A.
Mean search trajectory projected onto the first § PCs of a noise-driven Evolution. B. Explained
variance as a function of PC number k for noise driven evolution and real evolution coincided well.
The existence of driving force seems not to have a large effect on the spectrum of Evolution
trajectories. C. Code norm during evolution for noise driven and AlexNet units driven evolution.
For both, the squared norm scaled linearly with the Generation. At the final generation, the norm of
latent codes was higher for AlexNet driven evolution: Mean norm in evolution experiments was
394.80 + 7.05 (mean + std) in contrast to the noise-driven control 390.96 + 7.09 (t =

5.257,p = 1.7 x 1077,df = 1151). The difference in norm is significant, but the effect size is
small.

I11.6.7 Additional Analysis: 2D PC Projections of Evolution Trajectory

were Lissajous Curves
In our work, we consistently observed that the projection of original CMA, CholeskyCMA

and Diagonal CMA evolution trajectory onto top PC axis was sinusoidal curve. One interesting
way to visualize these trajectories is to project it onto 2d PC subspaces. As expected, we saw the

Lissajous curve formed by the projection (Figure I1I-21). We noted that the Lissajous curves
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decreased its amplitude towards the end (red), so the red end didn’t overlap perfectly with the
blue end. This is in line with a decreasing step size during evolution. As a comparison, we also
performed PCA and 2d projection with optimization trajectories driven by SphereCMA
algorithm (Figure II1-22). We can see, it deviated more from the sinusoidal structure predicted

by random walk, indicating a different kind of search process on the sphere.
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Figure I1I-21 Figure D.3: Lissajous Curves formed by PC Projection of Evolution Trajectory
Blue to red color gradient represents the progression of time, from first to the last step. This is
obtained from an example Evolution trajectory with AlexNet FC8 unit 0 as objective and
CholeskyCMA as optimizer. (compare Fig. 15 in [2]).
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Figure I11-22 Figure D.4: Lissajous Curves formed by PC Projection of Evolution Trajectory
Driven by SphereCMA Blue to red color gradient represents the progression of time, from first
to the last step. This is obtained from an example Evolution trajectory with AlexNet FC8 unit 0

as objective and SphereCMA as optimizer. (compare Figure I11-21).
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111.6.8 Definition of Subroutines Used in SphereCMA
In this section we define the subroutines we used in the SphereCMA algorithm: ExpMap,

RankWeight, SphereExtrapolate.

Algorithm 2 ExpMap

Require: Base vector m, tangent vector v, angle u to
travel from m towards v.

Ensure: ||m|| > 0, mTv =0
R « |Im||
m < m/R
v = v/lvll
u< R-(Mcosyu+ Usinp)
return u

Algorithm 3 SphereExtrapolation

This is the famous SLERP (Spherical linear
interpolation) algorithm.

Require: Base vector m, end vector p, ratio t controlling
interpolation or extrapolation.

Ensure: [|m|| = [Ipl|

m < m/|m||

p < p/lipll

0 = arccos(m’p)

q <« (sin((l — t)H)m + sin(t0) p)/sine

return q
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Algorithm 4 RankWeight
Require: Array of scores r = [ry...r5], population size B
Require: Parameter: cutoff number K = B /2

Initialize raw weights W as an array of length B.

Top K candidates get positive weights. For k = 1 to K, W, «

log(K + 1/2) —log(k)

Other candidates get no weights. Fork = K + 1to B, W, « 0
Normalize all weights to sum to one. W; « W;/ Y.; W;

Find rank N; of each score 1; (e.g. largest score has rank 1.)

Fetch the raw weight by the rank of each score. Fori = 1to B, w; «
W[N]

return w
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Chapter IV : Geometry of Tuning Landscape
of the Ventral Stream

IV.1Introduction

A central goal in sensory neuroscience is to explain how neurons respond to natural images.
Yet to approach that understanding, the field has had to rely on simplified stimuli. Simple visual
stimuli are easier to transform smoothly, which means they can be used to generate tuning
curves, descriptions of the relationship between a neuron’s firing rate and a key “variable of
interest” (Seung and Sompolinsky, 1993). The best-known example is the orientation tuning
curve in primary visual cortex (V1) (Figure IV-1 A). Here the variable of interest is orientation,
implemented using images of gratings at different slants. If a V1 neuron shows higher activity in
response to a particular orientation, with smoothly decreasing activity to gratings with dissimilar
orientations, then it is concluded this space is encoded by the cell (Campbell et al., 1968). This
type of tuning function has been a reliable tool in studies of early visual cortex (V1, V2, V4)
(Hubel and Livingstone, 1987; Anzai, Peng and Van Essen, 2007; Yau et al., 2012) and in dorsal
cortical areas such as MT (Maunsell and Van Essen, 1983). Decades of work have resulted in the
accumulation of an open set of variables describing neuronal function. However, there is no
rationale about the uniqueness of any of these variables, nor an estimated number of all other
potential variables that could be encoded by visual cortex. How many other explicit variables

could there be? How many more to explain a neuron’s response to natural images?

Here, we take a broader perspective on this problem, by considering the concept of a tuning
landscape, defined as the neuronal response function over the entire image manifold. Since the

natural image manifold is a bounded space (topologically compact), if neuronal responses
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represent a continuous function, they have to exhibit a maximum in that space (per the extreme
value theorem) (James Munkres, 2000); when input deviates from the maximum, the function
will smoothly decay or stay constant. Given this maximum, we can revisit a framework where
such a peak represents a special combination of visual attributes stored by the neuron — a
prototype (Rosch, 1973; Edelman, 1999) (Figure IV-1B). In this framework, prototypes serve as
landmarks in this representational space, and the neuron’s tuning function signals the similarity
between any given visual input and its prototype(s) (Poggio and Girosi, 1990a). If this
mechanism is accurate, then it follows that classic tuning axes (e.g., orientation) are accurate
descriptions of neuronal function, but not unique. A more general distance-based function could
explain why neurons respond to nearly all kinds of image types, from artificial computer-
generated stimuli to randomly selected natural images (Figure IV-1 C). The theoretical
foundations for this concept have been developed extensively, partially as solutions to view
invariance (e.g., radial basis function networks) (Poggio and Girosi, 1990a, 1990a; Maruyama,
Girosi and Poggio, 1992), and as kernel machines (Anselmi et al., 2015) for visual recognition.
While this idea has been tested in some electrophysiological (Logothetis, Pauls and Poggio,
1995) and imaging studies (Kay and Yeatman, 2017), its full explanatory potential has not been
outlined, partially because there has been (a) no clear way to identify the specific landmarks
(prototypes) represented by neurons and (b) no easy way to smoothly manipulate complex
naturalistic images. In this study, we solve both problems using image generative models. We
used a deep generator (Dosovitskiy and Brox, 2016b) that maps 4096-dimensional latent vectors
to naturalistic images. This model provided a parametric proxy for natural image space, allowing
us to smoothly manipulate natural images and to use search algorithms (optimizers) to find

tuning peaks in this space. We characterized the tuning landscape of neurons in V1/V2, V4 and
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inferotemporal cortex (IT) (Figure IV-1 D,E), by mapping neuronal responses on a 2-D
manifold sampled around the peak, then identifying neuronal tuning shape, extent, and
smoothness. We also explored the global distribution of peaks by conducting image searches in
reduced subspaces. We found three systematic changes in both in vivo and in silico visual
hierarchies: the tuning width decreased along the hierarchy, the search convergence time
increased, and there was an increasing gap in the responses evoked by optimal images in reduced
subspaces. We explain these trends using a simple model of radial tuning varying in tuning width
and intrinsic tuned dimensionality. Overall, our results suggest that ventral stream neurons can
be viewed as operating in a multidimensional distance space, in analogy to hippocampal place
cells, where responses signal the proximity between two points in physical space — the neuron’s
spatial field center at (x, y,) and the input location at (x,, y,). In this analogy, the radial
distance is the primary functional feature, while the direction of approach to the spatial field

center is secondary.
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IV.2 Results

A Example V1 orientation tuning B “Tuning landscape” schematic C Example V4 image selectivity
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Figure IV-1 Figure 1. Conceptual approach. A. Orientation tuning curve (mean + SEM) for a
V1 multiunit site as evoked by Gabor patches. B. Schematic of a conceptual “tuning
landscape,” the neuron’s activation function over the space of all visual inputs (2-D images);
schematic shows two input axes, green star shows location of peak; lines over the landscape
illustrate different experimentally defined tuning axes (e.g., orientation, curvature) as
represented by images. C. Responses of a single neuron in anterior V4 to randomly selected
stimuli; inset shows top four images. D. Workflow for the Evolution of a preferred image
(prototype), combining the image generator (G, latent codes as inputs and images as outputs),
neuronal responses to each generator image, and an optimizer algorithm (CMA-ES) that
samples the generator’s latent space to maximize neuronal responses. E. Main experimental
strategy: a two-fold approach to identify a peak in the image generator space (Evolution)
followed by an experiment sampling neuronal responses as sampling moves away from
preferred location (Manifold) (Figure 1V-7).
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Iv.2.1 Neurons show bell-shaped tuning around peaks in the generator
space
To measure the shape and extent of neuronal tuning in the generator space, our

experimental approach comprised two parts, an Evolution- and a Manifold experiment (Figure
IV-1D, E). The Evolution experiment identified images that maximized neuronal responses, and
the Manifold experiment sampled the neighborhood around such images. This allowed us to
measure a local tuning landscape and to characterize the width and smoothness of tuning around

the observed peak.

Evolution experiments. This methodology was used previously (Rose, Johnson, Wang
and Carlos R. Ponce, 2021). Briefly, after selection of a neuronal site (single- or multiunit) in
V1/V2, V4 or IT (receptive fields in Figure IV-7 A), we presented shapeless, texture generator
images and recorded the firing rates evoked by each image. These single-trial responses were
used as scores for the input vectors behind each generated image; then the optimizer (CMA-ES
algorithm) (Loshchilov, 2017) took the scores and vectors and proposed new input vectors likely
to maximize firing rates in the next generation. These input vectors were fed back into generator
to create stimuli for the next round, closing the loop. Each cycle lasted for 0.5—1 min; each
experiment ran for ~30 min, until the neuronal site’s mean response stabilized into a local
maximum — having “evolved” a preferred stimulus (Figure IV-2 B). We refer to these GAN-
derived preferred stimuli as prototypes, as inspired by prototype- and similarity theory, which
suggests that complicated concepts may be summarized by templates (Edelman, 1999; Leopold
et al., 2001). Prototypes are pictorial illustrations of the specific combinations of colors, shapes
and textures encoded at each given site; they are often complex (Tanaka, 2003), and while
consistent in shape and color over time, upon repeated recordings, they can vary in size, position,

and other nuisance variables. Each experiment also included the presentation of reference images
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used to track neuronal isolation stability; these included photographs, Gabor patches or other
stimuli, depending on the site’s preferences, as established in separate experiments (Rose,

Johnson, Wang and Carlos R. Ponce, 2021).

Manifold experiments. The location of the prototype in the generator space was an anchor
point to sample images along a manifold. To define this sampling manifold, we performed a
principal component analysis (PCA) on the trajectory of latent codes during evolution. The first
principal component corresponded roughly to the direction taken during prototype synthesis
(Figure I'V-8 A-C); we then created a 2-D sphere centered at the origin in the subspace spanned
by the first three components. The radius of this sphere was defined by the norm of the latent
code in the last generation of the Evolution experiment (Figure IV-2 A, Methods). The choice
of exploring on the sphere was motivated by the geometry of the generator latent space (Wang
and Ponce, 2020; Wang and Carlos R. Ponce, 2022b) and by literature on sampling GANs
(White, 2016; Kilcher, Lucchi and Hofmann, 2017; Wang and Ponce, 2021). Images sampled
from a grid around the prototype (termed the manifold image space) were then displayed in a
rapid-serial-visual presentation design, along with images from other stimulus sets used to define
neuronal tuning (Enroth-Cugell ef al., 1983; Pasupathy and Connor, 1999; Lin et al., 2014;
Russakovsky et al., 2015), such as Gabor patches and curved 2-D contours. We refer to the
responses over the manifold image space as the tuning map, defined as a function over the 2-D
hemisphere. In the next three sections, we report results pooling single- and multiunits (SUs and
MUs, collectively named sites); differences between SUs and MUs are examined in Figure

1V-4, Figure IV-13.
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Figure IV-2 Figure 2. Characterizing tuning landscapes. A. Schematic illustrating the two-part
design for defining the tuning landscape: Evolution and Manifold experiments. The blue-yellow
curve illustrates the trajectory of latent vectors during an Evolution experiment, as projected onto
its top-three principal-component space, with color representing generation number (blue, first;
yellow, last). This trajectory was measured in an Evolution experiment driven by a single neuron
in posterior IT. The orange hemisphere illustrates the sampling space for Manifold experiments,
based on the hemisphere in the top-three principal-component space with the longitude and
latitude grid (18° intervals). This hemisphere explored the manifold around the approximate
endpoint of the Evolution trajectory. B. Change in generated images throughout the Evolution
experiment for the same single unit. Images illustrate mean latent code (every fourth generation,
from left to right, top to bottom). These latent codes correspond to the curved trajectory in A.
Color around each image represents the mean activation for that generation. C. Example tuning
map for the same single unit. Inset shows the image corresponding to each position of the map.
D. Distribution of the shape parameters k, § of the Kent-function fits; maps well-fit by Kent are
colored red; the dashed line k = 2 is the boundary in parameter space between unimodal and
bimodal Kent functions (Figure IV-7,8,9,10, Figure [V-13,14).
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Most Evolution experiments (79.1% of 91) resulted in a significant increase in the firing rate
of the site under study (per two-sample t-tests of firing rate in initial two generations versus last
two generations, with criterion P < 0.001). Having identified tuning peaks in the generator
space, we then examined the shape of tuning function in the Manifold experiments. We found
that neuronal sites decreased their responses smoothly when moving away from the prototype in
any direction (Figure IV-2 C, Figure IV-7 B). This kind of tuning was reminiscent of tuning
curves of V1 simple cells responding in the space of oriented gratings. Sites were significantly
modulated by the manifold image set (104/110 of experiments, P < 0.001, one-way ANOVA,
101 images per test, F-stat range [1.56, 68.64]). For more relationships between the success of

the Evolution experiments and other properties of tuning maps, see Figure IV-8.

Above, we noted that a common aspect of tuning curves is their smoothness. Theoretical
work suggests that tuning smoothness can serve as a key inductive bias that enables downstream
readout neurons to learn from few examples (Bordelon, Paulson and Pehlevan, 2021). We
hypothesized that smoothness is important because the neuronal code is noisy, and so a neuronal
population comprising smooth tuning maps would allow information decoding with smaller
errors. To characterize the smoothness of these manifold tuning maps without committing to a
specific function type, we measured the Dirichlet energy (DE) of the observed maps and
compared this value to the energy of maps where the image-response relationships were shuffled
(see Methods and Figure IV-7 E). This energy metric integrates the squared norm of the gradient
vectors over the hemisphere, thus quantifying the relative smoothness of the tuning function: a
constant function will have zero DE, while a rugged tuning function will result in a high DE. We
found that the observed tuning maps were remarkably smooth, showing a significantly smaller

DE than the upper ceiling defined by shuffled-data (observed vs. image-identity shuffled maps,
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two-sample t-test, P < 0.001 in 96/110 experiments, T-stat ranged from [—186.6, —8.3],

Cohen’s d’ ranged from [—8.32, —0.37] for the smooth channels).

Next, we set out to quantify the tuning shape around the prototype. By visual inspection, we
noticed that most tuning functions appeared bell-shaped. To quantify this, we used the Kent
function to fit the 2-D tuning maps. The Kent function is defined on a sphere and is analogous to
a 2-D Gaussian in Euclidean space. This function comprises parameters for a) activity baseline,
b) tuning amplitude, ¢) two parameters for peak location, and d) three shape parameters. We
found Kent functions generally fit the tuning maps well, with a median R? of 0.72 (N = 110)
(Figure IV-2 D; for examples of raw and fitted tuning maps, see Figure 1V-9). For reference, the
R? noise ceiling obtained by bootstrapping single-trial responses had a median 0.876 (N = 110)
(Methods). To contextualize this result, we also repeated the Evolution-Manifold experiments
using convolutional neural networks, which are noise-free, and measured how well the Kent
function could fit these maps. The tuning map fits from VGG-16 network had an R? value of
0.918 £+ 0.050 (mean + SD, median 0.922, N = 427 units sampled across nine layers). The
tuning maps of V1 driving sites were less well-fit by the Kent function than V4 and IT driving
sites: R? for V1 were 0.665 + 0.027 (N = 31), for V4 0.787 + 0.029 (N = 21) and IT

0.787 + 0.020 (N = 50).

Having established that the Kent function could serve as a good model, we then used its
shape parameters f3, k to quantify tuning, as the ratio of these parameters indicates the isotropy
vs. anisotropy of the peak on the manifold sphere. The parameter f = 0 indicates a perfectly
isotropic peak, k/f > 2 indicates a unimodal function, and k/f < 2 indicates a bi-modal

function (see Figure IV-2 D and Figure IV-7 D). In experiments with good Kent fits (R? > 0.5,
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n = 96), the 95% confidence interval of k/f was [7.02,9.51], significantly larger than 2 (one-
sample t-test, t = 18.37, P = 5.0 X 10733). This showed that most tuning functions were indeed

unimodal, bell-shaped, and relatively isotropic within the measured domain.

In summary, these analyses showed that when neurons were presented with smooth and
complex deformations from their preferred stimulus, they also showed a smooth reduction in
firing rate; this reduction was similar no matter in what direction the transformation occurred.
This is the signature of a radial basis function, where the response change depends largely on the
distance from the preferred stimulus, and less so in the direction taken by the deformation. This
type of response change is likely to be characteristic of neurons in natural conditions, where
changes in the retinal image can be smooth (as in viewpoint rotations) while varying across
multiple visual features.

Iv.2.2 Relating neuronal tuning in generator space to other image spaces
Neurons showed radial tuning around their preferred stimulus, and we interpreted this
tuning as a likely default behavior of neurons when presented with generic but smooth image
changes. However, our overarching motivation was to define how neurons respond across even
larger image domains, involving images with different low-level statistics, such as photographs
and computer-generated artificial stimuli. While the generator produces an astronomical number
of variations, it has limits. It produces images with a certain textural style and is less
photorealistic than newer generators (e.g. BigGAN (Brock, Donahue and Simonyan, 2018)).
Here, we advanced our goal of defining tuning function shapes by including images created both
within and outside the generator space. Specifically, we collected responses of given sites to
Manifold images, to stimuli from classic image spaces such as Gabor patches (parametrized by

orientation and spatial frequency), to bounded 2-D contours (parameterized by orientation and
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curvature) (Pasupathy and Connor, 1999), and to ImageNet photographs. Together with our
generator images, this image set spanned a range from simple/artificial to complex/natural
images. While we reasoned it would be easy to measure neuronal responses to these images, the
key challenge was to find a common axis that would fit images with such diverse statistics. To
solve this problem, we developed a radial tuning curve analysis (Figure IV-3A, left), aimed to
construct one-dimensional tuning curves using image-response pairs with stimuli created from
different spaces, and to define the shape and extent of this tuning function. We first considered
each space separately and fit the neuronal responses as a function of image distance to the most
activating image in that space (responses were smoothed using Gaussian process regression).
Across these spaces, two features of each tuning curve were comparable: (1) peak amplitude and
(2) radial tuning width (Figure IV-3A, right). The peak amplitude was defined as the maximum
response among images in each space, signaling the effectiveness of the image space. For the
radial tuning width, we smoothed and integrated the area under this radial tuning curve. This
estimated the tuning width of the peak, i.e., how far away images could deviate from an optimum
while still allowing the neuron to stay responsive. Our image distance was a perceptual
similarity measure (LPIPS) based on convolutional neural networks (CNNs), networks trained to
match human perceptual judgments (Zhang ef al., 2018). We performed this analysis for each

driving site and compared the peak amplitude values and radial tuning widths across each space.
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Figure IV-3 Figure 3. Characterizing tuning landscapes with radial tuning curves. A.
Schematic of radial tuning curve analysis: in each image space, we identified the most
activating image and measured the perceptual distance of all other images to it. After plotting
the activation as a function of image distance, we computed two statistics for each space: peak
activation (C) and normalized area-under-the-curve (normAUC, D). B. Example of a radial
tuning curve (same IT neuron as in Figure 1V-2), quantifying responses to images across
different spaces (generator images, blue; photographs, purple; curvature images, yellow).
Solid blue line shows a fit through the Manifold-image responses, which provided the best
continuously sampled space. C. Comparison of peak activations across image spaces, for the
same driving sites recorded in both animals. Each site is denoted by a point; gray lines connect
the values across image spaces for the same site. D. Tuning width estimated by the normalized
AUC of the radial tuning curve, also compared across image spaces (Figure IV-11).

We found the neuron-optimized manifold space had the highest peak amplitude (Figure
IV-3B,C): the peak firing rate was 228.5 + 16.8 spikes/s (mean z-score activation 2.532 +
0.094, combining single- and multiunits) compared to 144.6+12.7 spikes/s (z-score 0.630 +
0.074) for the best natural images and 181.2+16.2 spikes/s (z-score 1.074 + 0.112) and
160.9+15.7 spikes/s (z-score 0.592 + 0.086) for the best curved-object images and Gabor

patches (Figure IV-3 C, paired t-test, z-scored amplitude, vs natural reference toy = 17.4,P =
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1.5 x 1073%; vs curvature images t,; = 10.2, P = 1.5 x 1071%; vs Gabor patches tgq =
16.3,P = 2.8 x 10725, z-score specifics, Methods). This confirms that optimized prototypes
were more activating for neurons than manually selected ones (Ponce et al., 2019), even in the
context of great V1/V4 artificial stimuli such as curvature patches (Figure I'V-11 for
comparisons focusing on V1 and V4 — for the V1 population, the peaks in the manifold space
were higher than those for Gabor patches; for V4 population, the peaks in manifold space were

more similar to those in curvature space).

Next, we computed the area under the interpolated radial tuning curves (AUC), above the
baseline firing rate. We normalized the AUC by dividing the peak activation of each tuning
curve, to compare the tuning width while controlling for peak height (Figure IV-3 B; Methods).
We found that the median normalized AUC for the manifold space was 0.370 £ 0.009 (Figure
IV-3 D), compared to 0.164 + 0.005 for the curvature space (paired t-test, P = 3.9 x 10742,
Student tg, = 27.16), 0.153 + 0.003 for Gabor shapes (P = 1.4 x 1070, ¢,5 = 26.34),
0.424 + 0.016 for natural images (P = 2.0 X 1078, ¢, = —6.52); when including sessions
where V1 sites drove the Evolution and Gabors were used as evolution references, the average
was 0.334 4+ 0.016 (P = 8.4 X 1072, t9y = 1.75,N.S.). We should emphasize that even when
we focused on neurons sampled from V1 and V4 and their classic stimuli spaces, Gabor patches
and curvature images, our results held: neurons had a larger absolute and normalized area under
the curve (AUC) in the manifold space than in classic stimuli spaces (normalized AUC, for the
V4 population, Manifold vs curvature, t;q = 10.22, P = 3.7 X 10~?; for the V1 population,
Manifold vs Gabor, t3, = 8.24,P = 1.3 X 10~°, Figure IV-11). This shows that tuning curves

measured in simpler image spaces can underestimate both the dynamic response range of the
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neuron and the extent (width) of its tuning. This can be viewed as evidence that classic tuning

curves are local sections of a higher dimensional tuning landscape.

What does the radial tuning width mean? To contextualize these results, we characterized the
geometry of these image spaces using LPIPS. First, we measured the diversity of each space as
the average distance between two random samples. We calculated the distance between 1000
random samples from the 50,000 ImageNet validation set and found that the mean pairwise
distance was 0.56 + 0.07 (mean + SD, [5, 95] %ile [0.46, 0.67]). In comparison, when we
randomly sampled 500 Manifold images, they spanned a mean difference of 0.47 + 0.04 ([5,
95]%ile [0.41, 0.53]) — curvature- and Gabor-patch spaces spanned a mean distance of 0.17 +
0.05 ([5, 95]%ile [0.08,0.24]) and 0.16 %+ 0.04 ([5, 95]%ile [0.08, 0.22]). Thus, generator
images covered a range of shape diversity closer to that in the real-world images. Next, we
examined the sample density in these image space using nearest-neighbor distances. For natural
images, we computed the distance to a nearest neighbor (within the 50K image set) for 1000
images from the ImageNet validation set: the mean distance was 0.364 + 0.051 (mean+SD),
([5,95]%ile [0.271,0.440]). In contrast, in the Manifold experiments, the mean distance between
nearest samples was 0.087 £ 0.035 ([5,95]%ile [0.029, 0.136]); for curvature and Gabor-patch
spaces this distance was 0.031 + 0.011 ([5, 95]%ile [0.022,0.045]) and 0.081 + 0.006 (][5,
95]%ile [0.068, 0.087]). For the radial tuning analysis, this difference in sampling density made
the tuning width estimate in natural image space less accurate than the more densely sampled

spaces such as the generator-, curvature- and Gabor spaces.

We have shown that the tuning width estimates in the generator space were smaller compared

to those measured in the space of real-world images. Why is this? First, our image generator is
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an imperfect approximation of the natural image space, namely, it is not diverse and as
“realistic” as the natural world itself; a more photorealistic GAN might reveal tuning widths
closer to natural images. However, tuning width values estimated from natural images were less
reliable, due to the larger sampling gap in photographs. This sampling gap was difficult to
overcome by increasing the sample size of natural images — even in a 50,000-image set, only
121 out of 1000 images had any neighbors within 0.3 perceptual distance, already a coarse step.
Finally, the gaps between natural image samples were sometimes larger than the tuning width in
generator space (Figure IV-3B). It is possible that natural image samples marked different
tuning peaks on the tuning landscape, further inflating the estimation of radial tuning width. This
large sampling gap is likely one reason smooth tuning curves are seldom reported for IT cortex

neurons.

In summary, we defined the shape and extent of neuronal tuning across image spaces,
including that of the generator, photographs, and classic parametric stimuli such as Gabor
functions. We used a perceptual similarity metric to compare the neuronal responses to this
diverse image set. We found that neurons showed a smooth decay consistent with that found in
the generator space. The tuning functions measured around the neuronal prototype were larger in
amplitude and wider in extent than those measured over classic non-optimized stimuli. This
confirmed that manually selected image sets may not always overlap with the preferred domain
of the neuron and could underestimate its full dynamic range and input domain. We interpreted
this tuning width as a feature that makes these neurons well-suited for processing naturalistic
images, i.e., allowing them to remain informative over large swaths in image space. Further, we
hypothesize this expansive tuning function is the reason we could use search algorithms (e.g.,

CMA-ES) to find peaks on the tuning landscapes in the first place (see Sec. IV.2.4 Inferring the
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geometry of the tuning landscape by modeling): as we quantified previously (Wang and Carlos
R. Ponce, 2022¢), the mean distance among each generation of images usually started around 0.4
and gradually decayed to ~0.2. This step size of image change seems to be well suited to “climb”
the slope of neuronal tuning peaks.
V.23 Areal differences of tuning landscapes

We have shown that neurons in the ventral stream have smooth radial tuning functions
spanning a large space of image transformations. Next, we investigated how these functions
differed across the visual hierarchy, focusing on neuronal sites in V1/V2, V4, and IT. Neurons in
these cortical areas are usually studied using different stimuli, limiting comparisons. Here the
generator space served as a common space for all areas. We examined the local and global
properties of the tuning landscapes using the Evolution-Manifold design — finding a site’s local
maximum and then exploring the landscape by inducing deformations to the favored image(s).
Further, we indirectly compared the global characteristics of the tuning landscape by analyzing

the Evolution trajectories and by using a new set of reduced-dimension Evolution experiments.

152



) activating
regions

—

140

S/S)UBAd

C i i
Q gl oMonkey A, (ii) g
2 « Monkey B @
g *
2
g 6 * o -
@ * 2
c o*x * og
?
E) 4 i %fI‘ 4 P b f"o
5 . ;o D** go o ®
‘(‘; 2 g .@ * 3);5 2 9% °°?)
& . ’g‘ﬁ o o :60
g OD o0 O%O v: ®
50 0 50 “'35 o © fBa
VN2 V4 IT suU MU
VGG16 E VGG-16

conv10, ch. 3

fc3, ch.20

conv2 ch. 35 conv4, ch.32 conv6, ch.34

Eli Iill H-K

conv12 ch.12 fc1, ch.43 fc2 ch.24

(o2}

kappa (tuning narrowness)
N

B
2 I
s \>s OO0 AN I N
(S < N & i ¢ e« 000 00 00

Figure IV-4 Figure 4. Comparison of tuning landscapes along the hierarchy. A. (i) Examples
of tuning axes sampled from manifolds in IT, V4 and V1 (rows); images show deformations
from each site’s prototype (frames = neuronal response). (ii) Activating regions within the
synthetic image, identified via correlation-based feature localization (see Methods). B. Example
2-D tuning maps of sites at the V1/V2 border, in V4 and in PIT (columns), for both animals
(rows). C. (i) Population tuning width values as quantified by the k coefficient (higher values —
narrower tuning) across visual areas and animals. (ii) Tuning sharpness values k for single- and
multi-units. D. Example tuning maps of units in VGG-16. Maps ordered by layer depth. E.
Tuning sharpness value k as a function of layer in VGG-16. Each point represents one hidden-
unit tuning map (Figure IV-9, Figure IV-10, Figure [V-12).

Local properties. Because neurons become increasingly sensitive to specific visual patterns

over the cortical hierarchy (Kobatake and Tanaka, 1994; Rust and Dicarlo, 2012), one prediction
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is that tuning width in the generator space might vary across areas (Figure IV-4 A). To quantify
tuning width across areas, we used the k parameter of the Kent function, which characterizes
tuning sharpness: the higher the k value, the narrower the tuning width. In tuning maps with
reasonable fits (R? > 0.5, N = 96), we found that sites from higher visual areas showed a larger
Kk value than those from lower areas — V1 sites showed a mean (=SD) k of 0.72 £+ 0.13; V4
sites, 1.82 + 0.23, and IT sites, 3.19 % 0.26. (Figure IV-4 B, C(i), one-way ANOVA, F, g3 =
26.7,P = 7 x 1071%; Spearman correlation between k and area level was 0.661(df = 96,P =
2.4 X 10713)). We confirmed this progression using two non-parametric statistics: we compared
(a) the normalized area under the curve (AUC) for the radial tuning curves in each area (smaller
values indicate narrower tuning) and (b) the normalized volume under the surface (VUS) for
each tuning map (smaller means narrower, Methods). Both of these values showed a similar
trend: more anterior visual neurons showed sharper tuning peak values than posterior neurons
(Spearman correlation of AUC values with ordinate hierarchical position [V1/V2, V4 and IT],
p=—0.56 (df =103,P =5x1071%); for VUS p = —0.57 (df = 103,P = 3 x 1071%). We
also compared the tuning width values for single- vs. multi-unit signals in the same channels.
Single units had narrower tuning, consistent with the view that multi-unit represents the local
aggregated signal from single units (Figure 1V-4C(ii), for more examples see Figure IV-13). As
noted above, the tuning maps of V1 sites were less well-fit by the Kent function than those of V4
and IT sites: mean R? for V1 was 0.67 + 0.03 (N = 31), for V4, 0.79 + 0.03 (N = 21) and for
IT, 0.79 + 0.02 (N = 50). This trend was in line with the noise-ceiling R? of the three
microelectrode array populations, measured by randomly splitting trials into two sets and
computing the R?: for V1, the noise ceiling for R? was 0.74 + 0.03 (N = 31), for V4, 0.89 +
0.02 (N = 23), and for IT, 0.88 + 0.02 (N = 50). Overall, this suggests that the tuning maps in
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V1 were more affected by fluctuation, less bell-shaped, and thus harder to fit by the Kent

function.

As a control, we asked if there were any significant differences in the perceptual similarity of
images in the V1, V4, and IT manifolds. We were surprised to find a small but significant
difference in image diversity (quantified by the mean LPIPS image distance between two images
on the hemisphere) between manifolds created by IT and V1 (IT, 0.421 + 0.003,n = 33; VI,
0.410 £ 0.003,n = 36, two-sample t-test t;» = 3.083, P = 0.003). This overall modulation of
image diversity per visual area was only marginally significant (one-way ANOVA across the
three areas F = 4.669,p = 0.012). This effect size was small: for example, neuronal tuning in
perceptual metric space ranged from 0-0.60 (Figure 1V-3), and the mean difference in
perceptual similarity between V1 and IT was ~0.01. We hypothesize that this difference in image
diversity was a byproduct of the Evolution and Manifold design: searching for features of
different complexity (i.e., for V1 versus for IT) may lead to trajectories in different subspaces;
since images were manipulated along the 2" and 3™ principal-component subspaces of the
search trajectory, the manifold exploration in different subspaces could result in small but
consistent differences in terms of image diversity, reproducible per in-silico Evolution and
Manifold experiments. As another control, we also conducted Evolution-Manifold experiments in
V1 sites using textures that were 1°-wide (vs. 3°-wide as in the experiments above) and found
that the results above continued to hold (Figure IV-10). We also investigated the shape of tuning
landscapes far away from the peak, by examining the concurrent responses of sites that were not

driving the evolution: those tuning maps were more ramp- and slope-shaped (Figure 1V-14).
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We also asked if this pattern of increasing tuning sharpness was specific to visual cortex or if
it could emerge in artificial visual hierarchies. We performed the same Evolution-Manifold
experiments in silico, driven by the activation of randomly selected units from pre-trained CNNSs.
We found the same pattern of results: tuning peaks over the manifold became sharper as a
function of layer depth. For example, in the VGG16 network (Simonyan & Zisserman, 2014),

K values correlated positively with layer depth (linear regression slope, 0.189 + 0.008, P =
1.9 X 10791, N = 568 units in 12 layers, Fig. 4E). We found the same result using AlexNet,
ResNet-101, ResNet50, ResNet50-Robust, DenseNet and CorNet-S (P-values ranging from

3 x 10722 to 2 X 10712% N ranging from 6001200, Methods, Figure IV-12 A-F).

So far, we have explored a local property of the tuning landscape, specifically that visual
hierarchies comprise units with progressively sharper tuning peaks in this naturalistic space. One
straightforward interpretation of this result relates to sparse coding (Rolls and Tovee, 1995), as
higher-order cortical units respond to more specific combinations of visual attributes, such as
motifs present in faces (Desimone et al., 1984; Tsao et al., 2006). If these attribute combinations
were less common within the generator space, compared to simpler features such as colorful
curved edges, then it would be easier to reduce the responses of higher-order neurons by

“moving away” from the peak by the same distance.

156



A 1 - 1 B Effects of dimensionality
% = I~ restriction on responses
5;/\ 14 S
x T (g 2 ki
S Soa — Ful 8129

€02 —50D ; : e § 1w
S o V1 (N=12) 0 V4 (N=8) 0 = 8 sl *
= 510152025 10 20 30 10 20 30 |
g ! e S 06l - A
oz08 0.5, o4 "°® ;
> ®06 0.6
x ) 0.2 =
5 04 0.4 Vi V4 IT
= 027 0.2 0.2
oL V1 (N=11) oL VA(N=10) " IT (N=12) N
5 10 15 20 5 10 15 20 10 20 30 40 D Effects of dimensionality
Generation restriction on activation
C CaffeNet - CaffeNet
10{ conv conv convs o VETXIRTYORY
3s = | 77 g (74
N 2 /o S c
= N o - -
E.‘SUS § 0.6 "
2% 5 1044
0.0 ] ] . o . . 1 . . ®02f=Ey
50 100 50 100 50 100 50 100 50 100 A PR IR R TS
Generation 50‘\%.0‘\%“\‘@“*(9‘\* L

Figure IV-5 Figure 5. Comparison of required search dimensionality along the hierarchy.
A. Activity as a function of generation for neurons in V1/V2, V4 and IT using the full input
space (4096 dimensions, blue) or a reduced space (50D, orange), for each animal (top, bottom).
Activity normalized by maximal response within each session, with mean + SEM computed
across sessions, and smoothed via moving average (N = 3 generations). Mean activation values
at later generations show broader error because of fewer experiments with data in those
generations. B. Effects of dimensionality restriction on activation maximization for sites in V1,
V4 or IT. Y-axis shows the ratio of the final-generation activation values measured after

evolving in a 50D space and in a 4096D space W (see Methods). Each dot shows one
full—T"bsl

neuronal site, for both animals. Asterisks show statistical significance. C. Activity as a function
of generation for hidden units in CaffeNet layers using the full space (orange) or reduced 50D
space (blue). D. Effects of dimensionality restriction on activation maximization for hidden
units in different layers. Y-axis shows the ratio of the final-generation activation values
measured after evolving in a 50D space (deep blue), a 200D space (light blue) and a 4096D
space (red) (Figure IV-12).

Next, we examined a global property of the tuning landscape: the distribution of prototypes.

Evolution experiments showed the existence of highly activating images in the search space and
a path following the gradient of the tuning function, from the initial images (textures) to the final
images (prototypes). By analyzing these experiments, we could probe the global geometry of the

tuning landscape indirectly. The speed for finding a prototype related to the frequency of these
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highly activating images in the latent space. For example, specific combinations of visual
features (e.g., shapes, colors, and textures) should be statistically rarer compared to simpler
features (such as oriented edges). If higher order neurons select for more complex features, it
should take longer to find them. This prediction aligns with previous studies of sparse object
coding in the ventral stream, for example, those finding that V4 neurons are tuned mostly for
acute curvatures (Carlson et al., 2011), in contrast to V1 neurons, which as a population tile a
relatively larger portion of orientation space (although V1 does overrepresent some orientations
(Dragoi, Sharma and Sur, 2000)). To test this idea in the landscape context, we examined the
convergence time of Evolution experiments. We found that the mean firing rate for sites in
posterior regions converged to a steady state over fewer generations than the firing rate for sites
in more anterior regions: the convergence timescale for V1/V2 neurons was 12 + 1.2
generations (N = 34 experiments), compared to V4, at 21.4 + 3.3 (N = 20), and IT at 28.7 +
2.5 (N = 30) (Figure IV-12 G-J). The convergence timescale was quantified by the number of
generations needed to reach 0.632 (1 — 1/e) of the maximum mean firing rate per generation.
This trend confirms a previous report (Rose, Johnson, Wang and Carlos R. Ponce, 2021), also
observed in silico in AlexNet. This would be expected if higher visual neurons prefer features

which were sparsely distributed in the space, and harder to find.

If a neuron’s preferred visual features were common in the generative space, the algorithm
might still find a path to a peak even if the search was limited to a fraction of the full latent
space. To test this, we performed a set of reduced-dimension Evolution experiments,
comprising two concurrent Evolutions for each target site: in one track, the search occurred in the
full 4096-dimensional latent space; in the other one, the search algorithm was constrained to a

randomly selected 50-dimensional subspace. Trials from both tracks were interleaved. Then, we
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measured the ratio R between the activation increase in the 50D evolution and that in the 4096D
evolution. We found that the mean ratio R for V1/V2 sites was 1.009 + 0.023 (n = 23), for V4
sites, 0.839 + 0.056 (n = 19), and for IT sites 0.708 + 0.060 (n = 20) (Figure IV-5 A,B);
Spearman correlation between hierarchy level and the activation fraction was —0.537 (P =

6.7 x 107%). We also calculated d’, the average activation gap (per d-prime d’) across all
generations and found a growing gap along the hierarchy (Spearman correlation between
hierarchy level and mean d’ was 0.547,p = 1.4 x 107°). Thus, early ventral-stream neurons
could still guide the evolution of their preferred image in constrained 50D spaces, reaching
similar (or sometimes higher) responses compared to the 4096D space. In contrast, late ventral-
stream neurons could not guide the evolution of their preferred image as successfully. This result
was also replicated on the artificial visual hierarchy CaffeNet, where we found that limiting
search space dimension had a larger impact on units in deeper layers than in shallower layers
(Spearman correlation between ordinal layer number and ratio R is —0.893, p =

2.4 x 107279, n = 800, 100 experiments per layer for eight layers, Figure IV-5 C,D, see

Methods).

Together, these results suggest that the features preferred by early cortical neurons were more
prevalent in the generator image space than the features preferred by late cortical neurons, likely
due to the latter’s selectivity for complex features (Kobatake and Tanaka, 1994); this may also
explain why early ventral stream neurons showed broader tuning widths than those of higher-
order neurons. We conclude that this trend in tuning specificity is likely to be a general feature of

hierarchical networks that learn from natural data.
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V.24 Inferring the geometry of the tuning landscape by modeling

Above, we reported three systematic changes along the hierarchy of the ventral stream and
CNNs: deeper in the hierarchy, (1) the time to convergence in Evolution increased, (2) the tuning
width of neurons decreased, and (3) reducing the search dimensionality had a stronger negative
effect on activation. Is there a mechanism that accounts for all these effects? We postulated that
these trends were manifestations of a systematic difference of tuning landscapes along the
ventral stream. To provide more intuition into this, we designed a simple synthetic tuning
function to simulate these changes. We modeled the neuron’s tuning function in the 4096-
dimensional latent space of the generator, with a simple multivariate Gaussian. We then
conducted the Evolution, Manifold and reduced-dimension Evolution experiments on this
synthetic tuning function while varying two major parameters — the number of tuning dimensions
D and the tuning width 0. We quantified these experiments using the above statistics
(normalized Volume under Surface, convergence timescale, and activation ratio between 50D
and full space evolution) and tested which variations in these two parameters could reproduce the

three systematic changes in the ventral pathway.

More formally, the neuronal Gaussian tuning function was parametrized by a center z,, the
bandwidth o2, and the Hessian matrix H. Viewed from the peak of that Gaussian z,, this is a
radial basis function, with neural activation decreasing along any direction leading away from
the peak with a speed depending on ¢ and H. The bandwidth o2 controlled the general tuning

width, while the Hessian H controlled the curvature (or tuning width) along different directions.

1
r(z) = exp —m(z — 20)"H(z — z,)
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With no loss of generality, we assumed H is a diagonal matrix, since we can always rotate
the coordinates of z to an eigen basis of H, diagonalizing it. In previous work, the number of
tuned feature dimensions by an IT neuron was hypothesized to be one variable underlying the
trade-off between selectivity and tolerance in IT (Zoccolan et al., 2007). In our model, we
changed the number of tuned features by controlling the eigen-spectrum (i.e., diagonal values) of
H. We made the simplifying assumption that the Hessian matrix had only two different
eigenvalues: 1 and € = 107® ~ 0. In the eigen space of 1 = 1, the model neuron had a Gaussian
bell-shaped tuning curve with tuning width o along each dimension. In the eigenspace of 1 = ¢,
the neuron had effectively flat tuning — it was agnostic to the feature changes along those
dimensions. We let the neuron have D tuning dimensions (with eigenvalue 1) and 4096 — D
non-tuning dimensions (with eigenvalue €), then the Hessian matrix is H =
diag([1,1, ...1,¢€,¢, ..., €]). In this experiment, we manipulated the number of tuned dimensions
D, and the general tuning width o. We illustrated the effect of D and o in 2-dimension in Figure
IV-6 A. The center z; of the tuning function was chosen isotropically on the sphere of radius R,
by sampling a 4096-dimensional random vector from normal distribution and normalizing its

norm ||z,|| = R.
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Figure IV-6 Figure 6. Inferring tuning landscape geometry. A. Two-dimensional
demonstration of the main model, showing evolution paths (green) over image space when the
activation function has different values for tuning width or dimensionality. B. Evolution,
Manifold and Reduced-Dimensionality experiments in three example conditions (¢ = 20,D =
20; 0 =20,D =40; o0 = 40,D = 80). Relevant parameters annotated on top. C.D.E. depict
the phase space spanned by the tuned dimension D and the tuning width . Each panel plots a
statistic of the Evolution-Manifold experiment as a function of D and o, averaged over 5
repetitions. C. Evolution convergence time, in the unit of generation. On this heatmap, the
white region defined by blue boundary denotes the conditions where Evolutions failed. D. The
tuning width of Manifold experiment quantified by normalized Volume under Surface. White
region outlines conditions where the Manifold tuning map was flat. E. Ratio between the final
activation of 50D and full space Evolution search. White region outlines conditions where both
50D and full space Evolution failed.

Evolution speed. We hypothesized that the tuning width o would affect the success rate and

convergence time of the Evolution experiments. Here, we found that given the same number of
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tuned features D, the larger the tuning width o, the faster the search converged. At the other
extreme, an overly small tuning width led to a failed Evolution for a larger tuned dimension (D =
20~160). When the tuning width o was fixed, the time required to converge also increased as a
function of tuned dimension D. These trends made sense: if the tuning function covers a tiny
region in the whole image space and has close to zero value everywhere else, then it will be
nearly impossible for the evolutionary algorithm to find a slope and to climb the mountain; and if
there are more tuned axes D, it should take longer to optimize each. Thus, the first systematic
change of increasing search convergence time along the hierarchy could be captured by
moderately decreasing the tuning width ¢ and increasing the number of tuned features D (note
that this model did not incorporate noise as in neuronal recordings, so convergence time

comparisons were limited).

Manifold tuning width. We hypothesized that the width of Gaussian tuning function ¢ would
affect the tuning width (normalized VUS) measured in the Manifold experiment. These
quantities were not the same: the manifold on which we measured the tuning sharpness was not
guaranteed to reside in the tuned subspace of the neuron. Second, the peak found by the
Evolution experiment was not guaranteed to be the global maximum of the tuning function.
Despite that, we found that the manifold result could be reproduced by the difference in o and
surprisingly, also by the tuned dimension D (Figure IV-6 D). Intuitively, the larger the tuning
width o, the broader tuned it was at the peak found by the Evolution experiments. Moreover,
given the same o, the smaller the number of tuned dimensions D, the broader tuned it was in a
Manifold experiment. Intuitively, along those non-tuned axes, the “neuron” showed an infinitely
wide tuning curve. Thus, if the subspace covered by the PC2,3 axes mixed up some tuned- and

some untuned dimensions, it would lead to a broader tuning curve. Notably, the shape of tuning
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map in this simplified example (Figure IV-6 B up, middle) resembled the shape of tuning maps

for some V1 neurons observed in vivo.

Effect of reduced dimension. Finally, we hypothesized that the larger the tuned
dimensionality D, the larger the detrimental effect of constraining searches to a random 50D
subspace. We found we could reproduce this observed effect by changing the number of tuned
dimensions D. With a small number of tuned dimensions (e.g. D = 10), the two evolutions
(4096D vs 50D) resulted in indistinguishable evolution trajectories, regardless of the tuning
width o (Figure IV-6 B, E). This scenario is comparable what we observed for V1 neurons.
However, with a larger D, the difference between 4096D and 50D evolution emerged.
Specifically, with the same tuning width o, the performance gap increased with the number of
tuned dimensions D; given the same D, the performance gap decreased with the tuning width o
(Figure IV-6 E). Overall, this model provided a simple explanation of the systematic changes
we observed in vivo and in silico. Under the assumptions of this model, there is a likely increase
of tuned dimensionality D across stages of the ventral stream, potentially accompanied by a
change in tuning width o. This inference generalizes previous results on the tuned dimensions of

IT neurons (Zoccolan et al., 2007).

IV.3 Discussion

To generalize our understanding of neuronal responses in the natural world, we must
characterize tuning using stimuli of appropriate complexity, comprising enough visual attributes
to evoke the full response range of given neurons. Driven by this motivation, we have assumed a
neuro-centric (vs. strictly human-interpretable) perspective, asking how neurons respond when
the visual world changes smoothly around their preferred stimulus, regardless of the specific

transformation. We believe this brings us one step closer to natural conditions, illustrating how
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neurons respond to generic smooth transformations, before they learn statistical associations
between different images — those helpful for invariance, for example (Li & DiCarlo, 2010). We
paired complex-image generators with the classical tuning function, which maps neuronal
responses to values of a given parameter space. Tuning functions comprise at least one neuronal
response peak and a measure of response decay as stimuli deviate from this preferred value. This
decay is important because when viewed in the framework of Fisher information, neuronal
responses are highly informative about the stimulus regions causing the largest changes in firing
rate (Dayan and Abbott, 2005). However, this is complicated in scenarios when neuronal
responses reflect information about multiple variables (Benichoux ef al., 2017), and in situations
of high neuronal variability, when it is the peak that can be most informative (Butts and
Goldman, 2006). Consequently, we prioritized identification of response peaks corresponding to
the neuron’s “preferred” combination of visual attributes, not because we believe that neurons
can only be informative when signaling at their maximal response, but because to a downstream
decoder, any change in a neuron’s response must signify a change from something. From views
in classical single-neuron studies to those distributed coding frameworks, that something is

thought to be the visual attributes or parameters that best activate the neuron.

Once we found a location in image space evoking a maximal response, we had to choose
how to “move” away from that location. In our data, there seemed to be no special axes for
deviating from the peak — all were relatively isotropic, at least within the expected range of
neuronal response variability. This is consistent with work applying basis function interpolation
as a solution to the problem of categorizing novel views or objects — as described by Edelman,
“the shape of the basis function reflects the prior knowledge concerning the change in the output

as one moves away from the data point...In the absence of evidence to the contrary, all
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directions of movement are considered equivalent, making it reasonable to assume that the basis
function is radial” (Edelman, 1999). But since we only measured 2-D sections of larger spaces,
this may not be true if more directions were probed. Imaginably, there could be special locations
linking these peaks, some inducing invariance responses, some inducing sharper activity drop-
off. So ultimately, how does the view of neuronal tuning landscapes relate to invariance? To
answer this question, more electrophysiology experiments are required (and underway).
Preliminary findings suggest that invariance is not a constant feature of the neuron but depends
on the activity evoked by the choice of probe stimuli. While we leave this for future work, these

findings highlight the importance of testing the full response dynamics of neurons.

Overall, we conclude that it serves to think of neuronal tuning in multi-attribute feature space
the same way as we think about hippocampal place cells acting in a two-dimensional arena,
where a neuron’s primary responses depend on the proximity to a physical location, less on the
direction in which the animal moves to or from it (but see (McNaughton, Barnes and O’Keefe,
1983) for an effect of entering direction on place field). To push this analogy further, recent
works support the view that place cells form a map not just for physical spaces but also for
cognitive spaces. Namely, they could encode “locations” in the multi-dimensional space spanned
by task related variables, such as pitch of auditory cues, accumulated evidence, or even social
status of a virtual character (Tavares ef al., 2015; Aronov, Nevers and Tank, 2017; O’keefe et al.,
2017). So, the tuning landscape view of visual encoding in the ventral stream connects to the

modern view of hippocampus in the cognitive space.

166



Author Contributions.

BW: Conceptualization, Methodology, Software, Formal analysis, Investigation, Data Curation,
Writing — Original Draft, Visualization. CRP: Conceptualization, Methodology, Validation,
Investigation, Resources, Writing — Review and Editing, Visualization, Supervision, Funding

Acquisition.

Acknowledgments.

We thank C. Harvey and C. Pack for comments on the manuscript, J. Freeman and E. Simoncelli
for inspiring the title, T. Holy for the initial motivation and discussion throughout the project.
This work was supported by the David and Lucile Packard Foundation (#2020-71377), the E.
Matilda Ziegler Foundation for the Blind and the NSF CCF-1231216 Center for Brains, Minds

and Machines.

IV.4 Method

IvV4.1 Neuronal recording
Two male adult rhesus macaques (A and B) were implanted with chronic floating

microelectrode arrays (Microprobes for Life Sciences, MD) in the right hemisphere: one array
was located at the posterior lip of the lunate sulcus (corresponding to the V1/V2 transition), one
on the prelunate gyrus (V4) and another anterior to the inferior occipital sulcus (PIT). We refer
to these sites as V1/V2, V4 and IT (Gattass, Gross and Sandell, 1981; Gattass, Sousa and Gross,
1988; Boussaoud, Desimone and Ungerleider, 1991). The locations of the arrays were chosen

based on sulcal landmarks, around local vasculature.
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Neurophysiology data was acquired using OmniPlex Neural Recording Data Acquisition
Systems (Plexon Inc.), with the PlexControl client to sort electrical events online based on
waveform and interspike intervals. Because all Evolution experiments were based on a closed
loop between neuronal activity and image synthesis, spike sorting was done at the beginning of
each experiment. Within each channel, events were estimated as arising from single-units, multi-
units or “hash” using a 1-5 scale, where 1 indicated strong confidence on the presence of a
single-unit (based on waveform shape, inter-spike interval and separation from the main hash
signal) and 5 indicated hash/multiunit activity. We use the term site to refer to all signal types;

across experiments, sites comprised mostly multiunits/hash and a fraction of single units.

After data collection, spike/event times were discretized into 1-ms bins and convolved with a
symmetric Gaussian probability density function with a 2-ms standard deviation.
IV4.2 General animal experiment setup

Experimental sessions were run using MonkeyLogic2 (Hwang, no date), which directed the
presentation of visual stimuli on ViewPixx EEG monitors (ViewPixx Technologies). Refresh
rate was 120 Hz at a resolution of 1920x1080 pixels. The monkeys were placed 58 cm from the
screen. Gaze position was tracked via ISCAN cameras (ISCAN Inc.). Animals fixated 0.25°-
diameter circles, with fixation window that permitted eye movements up to 1.0-1.3° from the
fixation point during stimulus presentation; they obtained reward if they held their gaze on the
target for 2-3 s. Rewards delivered via DARIS Control Module System (Crist Instruments).
IV43 Receptive fields mapping

At the start of each experimental session, receptive field locations were estimated as follows.
While the animal performed a fixation task, at each moment, a single square test image was

presented at a single position for 100-ms. The image could be a photograph or a previously
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collected generator image and on any given presentation, it could be sized either at 1°-, 2°- or 4°-
width. Positions were randomly sampled from grids ranging from [-2° to 2°], [-4° to 4°] or [-8°
to 8°] of the central visual field, in steps of 1°, 2°0r 4° for the three sizes. After data collection,
neuronal responses (events/second) were quantified as a function of stimuli location. A 2-D
Gaussian function was fit to this 2-D response grid to estimate the center of the receptive field.
Because the test image width was so large and because we did not sample a dense enough
position grid, we did not obtain a strict estimate of RF size (particularly for V1/V2 and V4 sites)
and our data over-estimates it. The receptive-field center distribution of all neuronal sites from
V1/V2, V4 and IT visual areas are shown in Figure IV-7 A. After estimating RF center location,
Evolution and Manifold experiments were carried out with stimuli at the estimated center
location, sized to cover the region with most activity. Usually, stimuli were made larger than the
estimated RF size. This helped to prevent the site from responding to the high-contrast, salient
image edge. Moreover, larger image sizes provided a canvas to engage both the classical RF and
its surround during optimization of the neuronal response.
IVi4.4 Evolution experiments

After finding the optimal location the evolving textures, the experiment started by presenting
30 synthetic images and 10 reference images, only one presentation per image. Reference images
were selected if they were known to evoke high activity from the array site under study, per
independent experiments. The initial 30 synthetic images were approximations of Portilla and
Simoncelli textures (Portilla and Simoncelli, 2000) recreated in the generator. After all images
were presented, their input vectors and the site’s spike rate responses (averaged over 50-200 ms
after image onset) were provided to the update function of Cholesky CMA-ES algorithm, which

then gave 40 new vectors as outputs. These vectors were provided to the generator to create 40
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new images, and the cycle began again, i.e., the 40 synthetic images and the same 10 reference
images were presented to the subject. Each experiment comprised tens of cycles (generations)
and were stopped 10-20 generations after firing rate convergence was observed.
IvV4.5 Manifold experiments

After evolving a preferred stimulus (a prototype), the goal was to measure the tuning
landscape around it, by sampling images in a smooth, continuous fashion. By examining the
distribution of latent vectors during the Evolution experiments and applying principal component
analysis, we found a properly scaled PC1 recreated the measured prototype — PC1 vector re-
created an image like the evolved image in the final generation, once scaled to the norm and sign
of the observed prototype latent vector. Image contrast could be manipulated via positive scaling
of the latent vector (illustrated in Figure III-16 A in Chapter III, (Wang and Carlos R. Ponce,
2022b)). Settling on PC1 v4 of the trajectory to represent the prototype, the next two vectors
orthogonal to PC1 were used to form a basis of three vectors. A two-dimensional sphere was
defined in the subspace spanned by these three vectors, and images were sampled along the
azimuth and elevation angle 6, ¢ uniformly. Samples were along 6, ¢ in [— g, g] with % interval,
chosen to make the transition between neighboring images perceptually smooth. As a result, for

each manifold experiment, there were 121 = 11 X 11 points sampled on the hemisphere around

the prototype.

z(0,¢) = [v4,V2,V3] - [cos B cos ¢, sin B cos ¢, sin |7

T T T

v€l-5al0el52

170



Note these points did not form a uniform grid on the sphere. The distortion by mapping a 2d

grid onto a spherical surface was greater near the “north pole” and “south pole” of the sphere; for

example, the 11 images at either ¢ = % or — % were exactly the same, resulting in 101 unique

images in each hemisphere. Thus, we correct for this distortion effect in the subsequent

computation of tuning functions and statistics of tuning maps.

We performed 46 experiment sessions on monkey A, and 45 experiment sessions on monkey
B. As we mentioned above, in 10 of the monkey B experiments, we performed Manifold
experiments in three subspaces following the Evolution experiment, using PC2-3, PC49-50, and
two random vectors as the perturbation vectors v, v3 in the Manifold experiments. Thus, we had
N = 91 standard experimental pairs with an Evolution experiment and a Manifold experiment in
PC2-3 space. Initial analysis found that the tuning maps in the PC49-50 and random subspaces
were comparable to those in PC2-3 space. So, when characterizing the tuning maps, we pooled
the additional maps (PC49-50, Random) with the PC2-3 maps, resulting in N = 111 tuning
maps of neuronal sites driving the Evolution.
IV.4.6 Reduced-dimension Evolution experiments

To probe the global geometry of the tuning landscape, and to investigate how it changed
from posterior to anterior visual cortex, we performed reduced-dimension Evolution
experiments. In each session, after receptive field mapping, we performed paired Evolution
experiments, using the same neuronal unit as the driving unit in two parallel Evolution
experiments, using independent optimizers. We called each Evolution a thread. The stimuli
created by the two Evolution threads were presented in an interleaved fashion. One thread was
the reduced-dimension Evolution, with the optimizer constrained to search in a randomly

selected 50-dimensional subspace; the other thread was the full-space Evolution, searching in the
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full 4096-dimensional space. The 50-dimensional subspace was selected independently for each
session. We developed a new optimizer that operated on the hypersphere of arbitrary dimension
SphereCMA (Wang and Carlos R. Ponce, 2022c) for these experiments. This ensured that the
search codes would have the same norm throughout the Evolution. Without this constraint, using
the original Cholesky CMA-ES, the vector norm of the codes differed greatly in the two threads,
which made it difficult to compare the two threads. The same optimizer was applied to each
Evolution thread, with the same population size (N = 31) but different dimensionalities (4096D
vs 50D). The same 10 reference images were used for both threads. We performed 34 sessions
on each monkey (A and B), within which 23 sessions were driven by V1 neurons, 20 by V4
neurons, and 25 by IT neurons.
IV4.7 CNN models of the ventral stream

In the past few years, many CNN models have been developed to solve the object recognition
problem. Though generally, these models incorporate many working principles of the ventral
stream, some of them are better models than others. To find the CNN models that resemble the
population representations in the primate ventral stream the most, we consulted the BrainScore

(Schrimpf et al., 2018) (http://www.brain-score.org/) leaderboard and selected a few top and

classic networks: AlexNet (Krizhevsky, Sutskever and Hinton, 2012) (No. 57), VGG16
(Simonyan and Zisserman, 2015) (No.5), ResNet50 (He et al., 2016) (No.11), ResNet50-Robust
(Madry et al., 2017) (No.3), ResNetl101 (He et al., 2016) (No.4), DenseNet-169 (Huang ef al.,
2016) (No.9), CorNet-S (Kubilius ef al., 2018) (No. 1). Source and specification of the models
are as follows, all implemented in PyTorch (Paszke ef al., 2019). ResNet50-Robust weights

were obtained from https://github.com/MadryLab/robustness , € = 8 / 255 version. CorNet-s

model definition and weights from https://github.com/dicarlolab/CORnet. All other models’
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definitions and weights are obtained from the model zoo in torchvision

https://pytorch.org/vision/stable/models.html. All seven models were used to analyze tuning
sharpness progression along the visual hierarchy (Figure V-4 D-E, Figure IV-12 A-F).

AlexNet, VGG16, ResNet50).

IV4.8 In silico Evolution-, Manifold and Reduced-Dimension

experiments.
To corroborate our findings in the ventral stream hierarchy in vivo, we performed parallel

experiments for CNN. For each network, we picked the major convolutional and fully connected
layers (n = 8 — 16). For convolutional layers, we selected the units in the center of the feature
map of each channel, mirroring the process of us presenting the image at the receptive field (RF)

of recorded neurons.

For each unit, we first measured its receptive field by backpropagating its activation back to
the image, where we defined a square box around the pixels that contributed to its activation.
This “receptive field” was in turn used to resize the images. Next, we used the activity of this
unit to drive the Evolution experiment, using the same CMA-ES algorithm and generator.
Finally, we used the same method to analyze the trajectory and to sample images on 2d
hemispheres around the prototype as we did in the Manifold experiments. We measured the
activations of the recorded units responding to the manifold image set, thus obtaining the tuning

maps of these CNN units.

For the reduced-dimension Evolution, we replicated these experiments using units from the

eight layers of CaffeNet and AlexNet, with 100 units selected from the feature map center of the

173


https://pytorch.org/vision/stable/models.html

first 100 channels of each layer®. For each unit, we performed a reduced-dimension Evolution in
a 50, 100, 200, and 400-dimensional random subspace and the 4096d full space. For each
dimensionality for each unit, the Evolution was repeated 10 times with independently sampled
random subspace. We used the same optimization algorithm (SphereCMA) in vivo and in silico.

The score trajectories were analyzed in the same fashion in vivo and in silico.

IV.5 Quantification and Statistical Analysis

IV.S.a1 Fitting tuning maps with Kent function.

By visual inspection, neuronal tuning functions were usually unimodal and likely to be well-
fitted with a Gaussian function, but since the domain of the sampled tuning function was not a
flat Euclidean space, it was not strictly correct to fit these responses using a Gaussian function.
Thus, we used the Kent function, which is a natural analogue to the Gaussian function on the 2-D

sphere S2.
f(x) =Aexp{ky] - x+B[(y: 2)*— (¥ 2?1} +b

where x is a 3D vector, which, in our case, is the 3D coordinate of the latent vector on the PC
basis of the Manifold experiments. ¥4, ¥2,¥3 form an orthonormal basis set in 3D space, in
which y; is the direction of the center of the distribution; and y, y3 are analogues to the
maximal and minimal covariance axes, if the peak is anisotropic. We parametrized the 3D
orthonormal basis set using the following angle convention: 6, ¢ represent the azimuth and
elevation angles corresponding to y4 vector, while v is the angle of ¥, to the equator of the
sphere. Thus, when the function is unimodal (single peak), 8, ¢ parametrize the location of the

peak on the sphere, and 1 encodes the direction of elongation around the peak. Beyond these,

8 Except for the first layer, conv1, which has fewer channels.

174



A, b control the scaling and baseline, k controls the concentration (peaked-ness) of the function,
[ controls the degree of anisotropy around the peak. Overall, this function comprises 7
parameters 4, b, k, B, 0, ¢, . We fit the Kent function to the tuning maps from in silico

experiments or in vivo experiments using ‘curve fit' from "SciPy" in "Python’ or *fit" function in
Matlab.
IV.5.2 Noise ceiling of explained variance.

To control trial-to-trial variability in tuning map fitting, we computed the noise ceiling of
explained variance R? as follows. For each Manifold session, we resampled the single trial
neuronal responses to each image to get a bootstrapped mean tuning map r'[i]. Then we

computed the explained variance of the original mean tuning map r[i] by the bootstrapped one

r'[i].

Zi(r[i] = r'[i)?
2i(rli] = 1)?

Rpstrp =1 —

This procedure was replicated 500 times to estimate the average ﬁbstrp, which we regarded
as the ceiling of explainable variance when fitting the noisy tuning map.
IV.S3 Quantifying tuning width using Volume Under the Surface.

We generalized the idea of area under the curve (AUC) to the volume under the surface

(VUS) for the 2-D tuning map in our scenario. The tuning map was defined on a hemisphere

m T

AlB, ¢], with 6 € |— > E] , P € [— %, %], we integrated the evoked firing rate over the

hemisphere and normalized its peak firing rate to 1. This statistic has a theoretical maximum of
2w =~ 6.28 which is obtained when the neuron responds equally and above baseline over the

whole hemisphere; it also has a theoretical minimum of 0, where no place on the hemisphere

175



(i.e., no image) evoked activity above baseline. The value of VUS can be interpreted as the

equivalent area on the hemisphere that evoked the maximal firing rate in this space:
1 _
VUS = ﬂj dfd¢p max(A[0,¢p] — b,0),A = max A[6, ¢]

The baseline b is the mean firing rate in the [0,50]-ms period after stimulus onset, across all
trials in the experiment. A[6, ¢] is computed as the mean firing rate in [51,200] milliseconds.
Numerical integration on the sphere was performed using the method in Rafaely (2019) (Rafaely,
2019).

IVs54 Quantifying tuning map smoothness by Dirichlet Energy.

To quantify the smoothness of a tuning map, we adapted a functional from mathematics, the
Dirichlet energy of a function. This functional integrates the squared norm of gradient in the
domain of the function, which, in our case, is a spherical manifold. Here we used finite
difference estimation of gradient and discrete quadrature over sphere for integration. The

distortion effect of the non-uniform sampling on sphere is accounted for in this calculation.
DE = | I7fGolFdx
M

To estimate how trial-to-trial variability affected DE, we performed 1000 trials resampling
for each image, thus we obtained a distribution of average tuning maps and a distribution of
Dirichlet energy. To estimate the null distribution, we shuffled the correspondence of the
response and the position on the image manifold and computed the Dirichlet energy again
(Figure IV-7 B). We used the t statistic and Cohen’s d’ of these two distributions to quantify the
smoothness of a tuning map. Recall that Cohen’s d' is the difference between the mean of two

distributions measured in the unit of combined standard deviation. So, a wider null distribution
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or a wider trial resampled distribution will make d' smaller, while a larger separation between
the Dirichlet energy of the shuffled map and the resampled map will create a larger smoothness

measure (Figure IV-7E).

Similarly, total variation energy is defined as follows, i.e., integrating the norm of the

gradient (without squaring) on the manifold.
TVE = f [IVf(x)|ldx
M

We replicated our analysis of smoothness using this TVE measure, with equivalent results:
94/110 experiment with smaller total variation energy than shuffled control (P < 0.001), range
of T € [-277.6,—5.8], Cohen’s d’ € [—12.41,—0.26].

IV.S.S Quantifying activation increase in Evolution experiments.

We wanted to design a statistic to quantify the activation increase during Evolution

experiment. Inspired by delta fluorescence over fluorescence (DFOF) in two-photon imaging, we

used the difference of activation over initial activation (DAOA) to quantify the relative increase.

Tend,50:200 ~ Tinit,50:200
DAOA =

Tinit,50:200

This statistic was key to connect the Evolution experiment to Manifold tuning maps (Figure
IV-8 E). We used the k in Kent fitting to quantify sharpness of tuning maps. In all experiments
where the tuning maps were well-fit by a Kent function (R? > 0.5), the Spearman correlation
between DAOA and k was 0.609 (P = 1.0 X 1078, N = 76). One possibility was that this
correlation was mediated by the areal difference of tuning width: we found that neuronal sites in

higher visual cortex had sharper tuning maps and larger activation increase in Evolution
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experiments. We tested this by computing the correlation for neuronal sites in three cortical areas
separately, and we found these correlation values were also statistically significant: V1 (p =
0.564,P = 2.6 x 1073, N = 27), V4 (p = 0.492,P = 0.029, N = 20), IT (p = 0.586,P =
1.0 X 1073, N = 29). Pictorially, the neuron-guided Evolution that “climbed” to a taller peak
(Tend,50:200) On the tuning landscape or started at a lower level (it 50.200), tended to reach a
sharper peak measured by the Manifold experiment. This relationship was consistent with the
picture of the Evolution experiment allowing neuronal searches for a peak on the tuning

landscape, and the Manifold experiment characterizing the tuning around the peak.

IV.5.6 Comparing tuning across image space via radial tuning curve

analysis.
In this experiment, we measured site responses to images to different image sets: Manifold,

gratings, curved objects, and photographs, resulting in image-response pairs {I;,7;} for each
image set. We first computed the image distance matrices between all pairs of images using the

LPIPS distance D (Zhang et al., 2018)
dali,jl = D, I;)

Then, we found the image evoking the highest response in the neuron, i.e., the tuning peak in

that image space.

k = argmiaxﬁ, Tmax = miaxﬁ

Finally, we fit the neuronal response as a function f of the image distance to the highest
activating image I, this is the radial tuning function. Specifically, we used a non-parametric

fitting method, Gaussian process regression (Matlab function fitrgp.m).
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f = fitrgp(d[k,:1,7[:])

To compute the area under the curve, we integrated the area under the estimated function; the
definite integral is performed from 0 to the maximal distance from the peak image Dy ,x (Figure
IV-3A right). Normalized AUC was computed by dividing the area under the curve by the peak

activation.
Dmax
AUC = f f(x)dx,Dyax = maxd|k,i]
0 L

normAUC = AUC [Ty ax

As the distance matrix was computed between all image pairs, the normAUC statistic
quantified how fast the response decreased from a peak on the tuning landscape, averaging the
different directions of deviating from the peak.

IV.5.7 Convergence speeds of Evolution experiments

For each Evolution experiment, we computed the response firing rate in the evoked time
window [50,200] ms for every image. Then we used Gaussian process regression (Rasmussen &
Williams, 2006) (fitrgp.m in Matlab) to obtain the smoothed and averaged optimization
trajectory f(t). Next, we computed the generation number C43 when 63.2% of maximal
activation 7,4y, (i.€., 0.632(fnax — Tinic ) + Tinic) Was reached, quantifying the time scale of
convergence per Evolution experiment.

IV.S.8 Effect of dimensionality restriction on Evolutions

For the reduced-dimension Evolution experiments, we measured the effect of constraining

search dimensionality on the activation increase for units in all three cortical areas (V1/V2, V4,

and IT). We defined a ratio R between the activation increases in 4096D and 50D as follows:
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R = rSOd,end - rSOd,mLt

T4096d,end — 14096d,1nit

Tsoa,mit and Tsoq eng are the average firing rate for all images in the first and the last

generation in the 50D reduced-dimension Evolution; 49964 init and T40964 ena are those average

firing rates for the full space Evolution.

To reduce the noise in the single-trial neural responses, we also used the integrated d = to
quantify the difference: we calculated d' between the set of single trial firing rates in each
generation of 4096D vs 50D Evolution (i in the following equation), and then averaged the d’

over all generations.

N

7 1 4

d =de (Ts0a,i[: 1 Ta096a,:[:1)
i

Iv.5.9 Correlated feature attribution
The goal of this model was to localize the visual attributes — shapes, colors, and textures —

selected by neurons during the Evolution experiments, within the whole evolved image. While
this can be approximated by superimposing the independently measured receptive fields of the
neurons, this analysis presents an alternative that works using only the Evolution data itself. We
encourage the readers to read our paper dedicated to this method (Wang and Carlos R Ponce,

2022) and our code (https.//github.com/Animadversio/Neuronal Feature Attribution _Model).

Briefly, our tactic was to rely on CNN feature (hidden) units sharing similar response properties
as the recorded neuron. First, we picked a convolutional layer in a pretrained CNN (e.g.,
AlexNet, VGG-16, ResNet-50, ResNet-50-robust) and computed the correlation and covariance

of each unit with the observed (V1/V2, V4 or IT) neuronal responses across all Evolution images
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{I?}. The correlation and covariance were both tensors with the same shape as the activation
tensor of a layer to a single image F|c, x, y]. Using Python convention of indexing, the tensors

WEre

Cle,x,y]l = corr(r[:],F[:,c,x,¥])

Qle,x,y] = cov(r[: ] F[:, ¢, x,y])

Note that thousands of images were displayed in the Evolution experiments. Given the
hundreds of thousands of features in the convolutional layer, the subsequent memory cost
required us to compute correlation values via online updates. We built a custom pipeline to
compute the correlation and covariance value for each feature unit when propagating images

through the neural network, in a batch-update fashion. Next, we selected the most correlated

rvn-2

Nt We set

feature units by thresholding the t statistics associated with correlation value t =

the threshold as t > 3 for the presented results, although we varied this threshold to test the
robustness with no changes in overall conclusions. The units with correlation values less than
this threshold were excluded by setting their weight to zero. Because CNNs usually exhibit
boundary artifacts, we also excluded the feature units at the border of feature maps. The original
covariance tensor Q[c, x,y] became the sparse tensor Q|[c, x, y] after unit exclusion. Note, we
chose to include only the positively correlated units in the model, because we found the feature

visualization from it more intuitive.

Next, we factorized the sparse Q tensor through non-negative matrix factorization (Lee and
Seung, 1999, 2001) (decomposing a spatial-channel tensor into the product of a few non-

negative spatial masks and channel vectors).
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2
,Splx,y]1 =0,V [c] =0

2

Qle %y = ) Vlcls x,y]

r

arg min
gv S

T

We used the coordinate-descent solver with Frobenius norm minimization as objective and
nndsvda initialization as implemented in “scikit-learn” package (Pedregosa et al., 2011). Here we
kept the factor number to three. The order of the factors was arbitrary, but the magnitude of each
factor signified how much it contributed to the whole tensor, potentially representing the
feature’s importance to the Evolution process. As an example, factorizing the Q tensor in layer 3
of ResNet50-robust model to 3 components usually accounted for 0.132 + 0.003 variance of the

original tensor (N = 90).

Finally, we used penalized regression (Ridge) to determine the weights w,. of the three
factors, such that these weights multiplying the CNN activations predict the neuronal activity the

best.

2

min > \lrlil = )" Fli, ¢, % yI4[1S, [x, ylw,

Wr

i CxX,y,r 2

This model could predict the neuronal response to Evolution and Manifold experiment well,
Pearson correlation between predicted and actual neuronal response to Manifold images was
0.70 £ 0.02 across N = 90 sessions; correlation was 0.67 + 0.03 when including all reference
images. We visualized the spatial masks combined by weights |Y.>_; w,.S,[x, y]| as the feature
attribution mask (Figure IV-4A (ii)), with the brighter region representing the image area

correlated with and probably contributing to higher neuronal activation.
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Because the goal of this analysis was to find an image-level attribution instead of just
predicting neural responses, we used correlation rather than regression to identify image regions
related to changes in neural activity. Directly using penalized regression on the full feature tensor
or dimension reduced feature tensor (per sparse random projection or principal component
analysis) often resulted in an overly sparse weight tensor with no coherent spatial structure,
inadequate for interpretation (Wang and Carlos R. Ponce, 2022a). Moreover, we chose to use
matrix factorization instead of just mean or max compression of the weight tensor across the
channel dimension, since this disambiguated unique features and highlighted the spatially
coherent features more clearly. Visually, it broke down a complex feature into spatial
composition of several simpler ones.

IV.5.10 Inclusion criteria for non-driving units

In addition to the driving units, we also recorded the activities of other neuronal sites in our
three electrode arrays. We used one-way ANOVA tests to select neuronal sites that were
modulated in the Manifold image space, using image identity as the main factor with the
criterion of p < 0.001. These well-modulated sites were included in other analyses, comprising
N = 3427 non-driving- and 104 driving sites; these constituted 43.4% and 1.3% of all recorded
units.

IV.S11 Measuring tuning map similarity

We measured the similarity of tuning maps based on functional correlation (Wikipedia
Editors, n.d.) on the manifold, which generalized the correlation of functions in Euclidean space.
This could be interpreted as the angular similarity between two mean-subtracted functions
defined on the manifold. Our rationale for using this method is as follows. As the tuning maps

we measured were defined over a hemisphere, some points were sampled closer to each other
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than to the others (e.g., around the hemisphere “poles™), thus the similarity of the response at
those points in any tuning maps was not surprising. Functional correlation tackles this problem

elegantly by considering the underlying metric structure over which we are sampling the map.

The equations for this correlation follow below; the integrals were evaluated using discrete
quadrature on the hemisphere (Rafaely, 2019). J is the Jacobian of the map from [6, ¢ ]

parameter to the Euclidean coordinate of the hemisphere.

f= f dx|det)[f(),  Varlf] = f dx |det]|(F(x) = )
M M

(f.g) = fdeIdetllf(X)g(x)

(f —f.9—3)
JVar[f]-Var[g]

corr(f,g) =

Note that correlation in Euclidean space yields an even higher correlation value, so our
results were not artifacts created by the correlation calculated on a spherical domain.
IV.5.12 Naive Bayes decoding for population neural activity

We used Naive Bayes decoding (Rish and Rish, 2001) method to assess how variability
affected decoding. We assumed the response of each neuronal site was an independent normal
variable with a mean y;(I) and variance o/ (I) depending on the image identity I. Thus, we

could write the likelihood of an image identity given a vector of neural responses as

1(r; — w(D\
log L(I|r) = Z -3 <ra—5)()> —loga;
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Then assuming a uniform prior on the image identity, we could get the distribution of image

identity based on a response vector using Bayes’ rule.
p(lj |r) = softmax(log L(|1r));

With this conditional distribution, we estimated the expected decoding error in terms of the

L2 or angular distance between the latent vectors corresponding to the image

E;, = Z“Zj - Zreal“p(lj|r)
j

Egng = z arccos(zj, Zreal> p(1j|r)
J
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IV.6 Supplementary Figures
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Figure IV-7 S1 Experimental method details.

2 3
Dirichlet Energy

A. Receptive fields of recorded sites from

V1/V2, V4 and IT in both monkeys (A, left; B, right). Each contour shows the estimated retinal
area evoking more than 50% of the maximal neuronal response for each site (response defined as
mean firing rate in 50-200ms subtracting baseline firing rate). Contour color indicates the visual
area of the neuronal sites: red for V1/V2, green for V4, blue for IT. X and Y axes are retinal

coordinates, showing degrees of visual angle, where (0,0) as the fixation point.
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tuning map of an IT single-unit in monkey A; the images are framed by color representing the
neuronal response rate (color bar, events / s), see Figure IV-2 C. C. Demonstration of the
sampling geometry in the principal components 1,2,3 space. In the Kent function, 8 and ¢
correspond to the azimuth (longitude) and elevation (latitude) angle in a 3-D sphere defined by
PCI1-3. D. Effect of shape parameters k, § on the Kent function, with other parameters fixed
A=1,b=0,0=0°¢ =0°1y =45°. A larger k creates a sharper peak, while a larger 8
makes the peak less isotropic around it. The tilted elongation direction displays the effect of i =
45°. Note the dashed line k = 2 in the parameter space, which separates unimodal and bi-
modal Kent functions. E. The procedure of computing the smoothness index d’. For each
tuning map, we resampled the single trial responses to obtain a distribution of maps (¢rial
resampling); we also shuffled the correspondence of mean response and the coordinates to get
another set of maps (matrix shuffled control). We computed the Dirichlet Energy (DE) of each
map and computed the d’ distance between the two distributions to quantify the smoothness of
the map. Related to Sec. IV.4 STAR Method and Figure IV-2 the Results section IV.2.1
Neurons show smooth, bell-shaped tuning around peaks in the generator space.
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Figure IV-8 S2 Geometry of evolution trajectories and their relationships to tuning maps. A-B show the
structure of the evolution trajectory through the lens of PCA, see also Figure IV-2 A. A. Example Evolution
trajectory projected the top (1-8) principal components. Data from monkey A, driven by an IT neuronal site. B.
Collection of all Evolution trajectories (N = 91) projected onto their top three principal components. Projection
coefficients are plotted on the y axes, with arbitrary units representing length in the latent space. This highlights the
sinusoidal PC structure of the Evolution trajectory, which is characterized more thoroughly in (Wang and Ponce,
2022). We note that the end point of Evolution trajectory did not fall exactly along the PC1 vector, thus we predicted
that the peak location in Manifold tuning maps should also deviate from the center in a systematic way. C-D show
the location of peak on Manifold tuning maps correlates with the location of peak during Evolution, when projected
on to the top-3 PC subspace. C. The spherical coordinates (8, ¢p) of latent codes during Evolution, for the highest
activation (best) generation (blue) and the last generation (orange), for all well-fit Manifold experiments (N = 76).
We found that 6, ¢ of the best generation were both negative: mean + SEM of @ was —0.220 + 0.024 rad and ¢,
—0.188 + 0.015 rad. D. Peak location of tuning maps estimated by Kent function in all well-fit Manifold
experiments (N = 76). Consistent with C., the 8, ¢p coordinates of the tuning peak were also negative: mean + SEM
of @ was —0.217 + 0.041 rad, and ¢ —0.304 + 0.035 rad. Further, the spherical coordinates of the highest
activating Evolution codes positively correlated with the coordinates of the peak location in the corresponding
Manifold experiment (Pearson correlation for 8 is 0.378,P = 7.7 X 107%; for ¢$is0.430,P=1.1x% 1074, N =
76). E. The relation between tuning sharpness and Evolution success. We found sharpness of Manifold tuning
maps k positively correlated with the relative activation increase (DAOA, see STAR methods) in the Evolution
experiment (Spearman correlation 0.609, P = 1.0 x 1078 N = 76). The correlation holds for individual visual
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areas: V1 (p = 0.564,P = 2.6 x 1073, N = 27), V4 (p = 0.492 ,P = 0.029,

1.0 x 1073

N =20),IT(p=0.586,P =
N = 29). The main plot magnifies the dashed rectangle region of the inset plot, showing that the

positive correlation is not a result of outliers. Simply put, Evolution experiments with larger activation increases led
Related to Figure I'V-1 and 2 in the Results section IV.2.1 Neurons

to sharper peaks in the Manifold experiments.

show smooth, bell-shaped tuning around peaks in the generator space.
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Figure IV-9 S3 All significantly modulated tuning maps of Evolution-Manifold driving
units, per visual area (A-C and D-F correspond to V1/V2, V4, IT, in both monkeys A, B),
sorted by collection order. A-C, show the raw tuning map, the mean activation values on the

(0, @) parameter grid. D-F, show the Kent function fits of tuning maps on the hemisphere. Note
the gradual change of tuning width and shape from V1/V2, V4 to posterior IT. Related to Figure
IV-2 in the Results section IV.2.1 Neurons show smooth, bell-shaped tuning around peaks in the
generator space, and Figure [V-4 in the section IV.2.3 Areal differences of tuning landscapes.
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Figure IV-10 S4 Evolution and Manifold Experiments using different image sizes yielded
comparable results. In this figure, we examined how image size used in Evolution and Manifold
experiments could have affected results. We conducted nine experiment pairs (18 sessions, each
had an Evolution and a Manifold) in monkey B, focusing on V1 sites. In each pair of sessions,
one used a 1°x1° image size for the Evolution and Manifold experiments, while the other used a
3°x3° image size. We matched all other factors: the same V1 site was used as the driving unit;
images were centered at the same estimated receptive field center location; each pair of
experiments were carried out on the same day to control for recording quality. A. Example of a
pair of Evolution experiments using 1°-wide (upper) and 3°-wide-image (lower) driven by the
same V1 site in monkey B in the same session, the images resized to maintain the 1:3 ratio. The
columns (from left to right) show the prototypes, the feature attribution masks and the model-
reduced prototype by feature visualizing; The last column shows the zoom-in of the 1° reduced
prototype and the 3° reduced prototype with the receptive field mask: 100% transparency for
area with maximum activation in receptive field mapping experiment, 10% transparency for area
with lower than half of maximal activation. One can appreciate the similarity of the oblique
grating-like features selected by the neuron, given different image sizes. B. Paired comparison
of the achieved activations (mean firing rate in the last two generations) in the 1°- and 3°-
Evolutions. All Evolutions succeeded (18/18) and in 6/9 pairs of Evolution, the activation
achieved in both threads were not statistically different. This showed that choosing an image size
larger than classic receptive field may not affect the success of Evolution. C. Tuning map of
Manifold experiments for the 1°- and 3°- Evolutions showed in A. D. R? of Kent fitting and
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noise ceiling of these R? plotted against each other. 1° image Manifold tuning maps had a lower
noise ceiling and a lower explained variance: R? for 1° tuning maps was 0.442 + 0.087 (n =
9, mean = SEM same below) versus 0.736 + 0.031(n = 9) for 3° ones; noise ceiling of R?
for 1° tuning maps was 0.538 £ 0. 079 comparing to 0.810 + 0.039 for 3° ones. E. Paired
comparison of tuning width of 1°- and 3°- Manifold tuning maps, using the normalized Volume
under the Surface statistics. The difference was not statistically significant. Related to Figure
IV-2 and Figure 1V-4 and the Results section 1V.2.3 Areal differences of tuning landscapes.
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Manifold vs Curvature Space Comparison for V4 (N=20)
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Figure IV-11 S5 Comparison of radial tuning in manifold space with classic image spaces for V1
and V4. Comparing to Figure IV-3, here we conducted a focused analysis comparing the neural
tuning in Manifold image space with the tuning in image spaces that are classically used to
stimulate these areas. Bottom row compares Manifold vs Gabor patches for V1 sites, top row
compares Manifold space vs Curvature images for V4 sites. Left column: peak activation; middle
column: normalized Area under Curve (normAUC); right column: area under curve (the product
of peak activation and normAUC). For V1, the peak activation in Manifold image space was
higher than that in Gabor patches space; the radial tuning was also broader in manifold image
space. For V4, the peak activation in Manifold image space was comparable to that of the
Curvature image space; while the radial tuning is still broader. This showed that the optimized
generator images were as activating or more activating than those in the classic image spaces for
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V1 and V4. Further, we found a larger tuning width or slower decay of firing rate in terms of
image distance in the generator space. We interpreted that though more features were
manipulated in the Manifold space, the neuron is only tuned for a subset of them (see Figure
IV-6). Thus, compared to classic image space where only few features were manipulated, the
tuning width on Manifold image space was larger. Related to Figure IV-3 and the Results
section 1V.2.2 Relating neuronal tuning in generator space to other image spaces.
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Tuning Width Progression for CNN Hierarchy
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Figure IV-12 S6 Tuning width progression and convergence speed progression in visual
hierarchies in silico and in vivo. A-F. Tuning width decreases as a function of depth for in
silico visual hierarchy. For the Manifold experiments in artificial neural network, kappa value
increased as a function of layer depth; tested models were AlexNet, DenseNet-169, CorNet-S,
ResNet-101, ResNet-50, ResNet50-Robust. For more information on model specification and
source, see STAR Methods. G-J. Search convergence time increases along in vivo and in silico
visual hierarchy. G. Average normalized optimization trajectories in V1, V4, IT for both
monkeys. For each Evolution experiment, we averaged neuronal responses within each
generation, and smoothed responses across generations with a moving average (N = 3
generations), then normalized the curve to the maximal average activation in that experiment to
1.0 (individual experiment showed in thin lines). Since Evolution experiments had different
numbers of generations, we extrapolated the early-ending curves with a constant value, putting
forth the assumption that they would keep the same activation of the last two blocks —
extrapolated parts shown in dashed lines. Then we averaged the normalized optimization
trajectories across experiments in each brain area (thick lines). H. Convergence time scale Cg3
comparison across areas for both monkeys. The mean+std of C43 for each area and animal was
annotated on the side. I. Example normalized optimization trajectories for in silico evolution for
units in AlexNet, one unit per layer. Mean and standard deviation of activation per generation are
shown. J. Convergence time scale Cg3 of in silico evolution for units in the eight layers in
AlexNet. Related to Figure IV-4 and 5 in the Results section 1V.2.3 Areal differences of tuning
landscapes.
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Figure IV-13 S7 Tuning maps of paired single- and multi-units. In this figure, we compared
properties of tuning landscapes of single-units (SUs) or multi-units (MUs) in each Manifold
experiment. Classically, multi-units are understood as the aggregated signal of local neuronal
populations. So, we reasoned that the MU landscapes should be an additive version of SU
landscapes — taller and broader in their peaks, but still similarly placed relative to the SU
landscapes. A-D. Tuning maps from experiment session 28 in monkey A, with channel 58 in
the V4 array as the driver. In all plots, color frames show the activation score for the image,
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computed as T'sg.200 — T'pst> With the baseline firing rate 7,g; in [0-50] ms averaged across the
whole session. A. The SU-MU pair in the driving channel 58; only the spike rate of the SU was
sent to the Evolution optimizer (CMA-ES) as score. B. Another SU-MU pair, channel 50 in V4,
not driving the Evolution. C.D. Tuning maps of the same SU-MU pair as A, showing the actual
image corresponding to the response. E. The schematics representing our observation: the SU-
MU pair exhibited correlated tuning maps, with the MU’s tuning peak being broader and higher
than the paired SU. F. Same-channel SU-MU pair exhibited similar tuning maps. In V4/IT
cortex, SU-MU pairs were more similar comparing to average level in the array. In IT, the mean
correlation of SU-MU pairs was 0.574 (n = 135), for any well-modulated unit pairs it was
0.256 (n = 9540), significantly larger (two-sample t-test with Fisher r-to-z transform, SU-MU
> other pairs, tog73 = 16.173,P = 4.5 x 107°8).  G. SU maps exhibited sharper tuning maps
compared to the paired (same channel) MU, as quantified by normalized volume under surface
(normVUS) statistics. The mean+tsem normVUS for SU was 2.062 + 0.054 (N = 408), for
paired the MU it was 3.702 £ 0.051, significantly smaller (SU - MU, paired t-test, £497 =
—35.917,P = 2.9 X 10_128). This relationship holds both for driver and non-driver units.
Related to Figure I'V-4 in the Results section 1V.2.3 Areal differences of tuning landscapes.
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A, Manifold Tuning Maps on V4 array in Monkey A (Exp 12) B. Kentfunction C, tuningmap D, tuning width estimates across

Ch 49 F1.62(p=2.2e- 04 [ 4o Ch 50 F1.80|p=6.5¢06) Ch 51 F|92 1=6.10-07(] 220 Ch S2A F2.07(p=2.80-08[] gDOdneSS Gfﬁt SmODthnESS areas (ANOVA P<0001)
i non-parametric statisic 8. paralrnetrics atistic
1 ok 4 EeLs S pearman correlation ;
w —_— 6 u — Driver
| 0468 (p=21x16°7) " Nor-Dr
) | A 1 e 7. — Non-Driver
2 Al )
") e HeH HEeR
8- | 4 ¥ 5 | — 10338 ip=1.x 10"
Ch53BF91p1 0 2] Ch54F2B1(pa1 50 15) EhSSFHHD( -~z 78] mssszm " et . | | 6- 3
i d 0 [ |
E: " 1 / FHeH *-
,: . ) s AP 5 —
" - L g2 ;2 g
'an 0 q 5 ] E 54
. an 3 B 3 | &3
5 -4
Ch 7 Fam(pe ge-s] nﬂthssrsn;[ =5 216/ enCh SBAFS.16lp=7.6e-3(1], Ch 6D FA.10ip=1 428 Che1AF12T8 £ | 3-
£ n ° i 2
= -6 W 2.
P = i
b = - il 1 N 1 1
. " s (] | 1
20 L |
.
Ch 62 F7.91{p=2.1e-62(] $50Ch B3A F4.14(p=5.9 hea 7502 0e 500 Driving Driver  Nom-Driver -10 Driver Non-Driver 1) P s
Channel o 0“‘?0“‘1800"60““60““8 oo ﬁdzoﬂAﬂoﬁ\ﬁo‘u S
. NN e <‘ p w\ b P
| |
F. Correlation between Cortical Distance and

Tuning Map Similarity (IT)

Manifold tuning maps on IT array | |n Monkey B (Exp 3.
Ch17F336lp=12e2d ChISF1ONp=A0e01) Ch19 F1.35(p=1 Ch 20F5.15(p=4.de-42)
200

Ch21 FOB8(p=8.1e-01]

o
o

160
100

120

4
o

Chi8F50Mp=6.6e-41)  Ch9F1287{p=228-108]  Ch30F6.05(p=1a-51)

200 160
1a0
120
100
80

10 1ae
50

o
=

Ch24FISTp=57ens)  ChISFII9(p=7.1e03) — ChI6FISHp=36eddy — Ch27Flebip=dient]
120

250
200
150
100

100 o0

120
o0 120

B 120

100

€h 1 FL14(p=16e-01) ch P Ch4F124p: ChSAFG7A9Ip=542289)  Che FlAa(p=3.1e-03)

o
o

g map correlation

o2
=3

‘Tunin
o
o

120

Driving
Channel

00

80 —04

120
I

a0
60 .
a0 Animal
Fe — Alfa

Ch 10FO.97Ip=5.7-01) Ch11F098ip=56e011  Ch12FOS3(p=10e+00)  Ch13F138(p=8.8e-03) Ch14F1.35(p=1.3e-02) = Beto
—06 e Alfa
® Beto

0 500 1000 1500 2000 2500 3000 3500
Cortical Distance (pm)

Figure IV-14 S8 Tuning landscape away from the peak and similarity of tuning maps along
the cortical surface. For driving units, by our experimental design, the 2d Manifold image space
is sampled around the activation maximizing images found through Evolution. This allowed us to
characterize the general shape of tuning around a peak on the tuning landscape (Figure V-2,
Figure IV-4). To characterize properties of tuning landscape not centered on the peak, we
measured the tuning maps for all the non-driving units simultaneously recorded in the electrode
arrays during Manifold experiment. In A-D, we quantified individual maps using the same
statistics as in Figure IV-2 and Figure IV-4, showing they followed similar trend as the driving
units. A. Tuning maps in the Manifold image space of a population of neurons in V4 area in
monkey A, in an example session (12) with driving site 61 marked by a red frame. The tuning
maps of all channels in V4 array are arranged in the same layout as the electrodes on the visual
cortex. Channel number, F statistics and p-value of ANOVA annotated on top of each tuning
map. B. Tuning maps of driver units are better fit by the Kent function, as quantified by fitting
R?%. C. Tuning maps of driver units are smoother than that of the non-driver units as quantified
by the d' statistics of the Dirichlet Energy. D. The tuning width of non-driver units get sharper
along the visual hierarchy similar to the driver units, as measured by non-parametric statistic
normVUS and parametric statistic kappa in Kent function. In E-F, we quantified the change of
tuning maps along the cortical surface to investigate the possibility of a cortical feature map. E.
Tuning maps are plotted in the same layout as the electrodes in IT-implanted array on the visual
cortex in monkey B, for an example session with driving site 5 marked by a red frame. Units not
significantly modulated by this image set (p > 0.01) were not shown. One can appreciate a
subtle, gradual change in tuning map shape, esp. in peak location from channel 24 to channel 30.
F. Tuning map similarity as a function of cortical distance between IT electrodes for each

198



monkey, pooling all electrode pairs that are both well-modulated (ANOVA p < 0.01). Cortical
distance of Oum refers to the case where both units were spiked sorted from one electrode, e.g.
the case of a single and a multi-unit pair. Though both monkeys have a significant negative
trend, we found that monkey B had a much stronger negative correlation (Spearman correlation
—0.180,P = 2.4 x 10718 N = 2322) than the other monkey (A) (Spearman correlation
—0.037,P = 0.002,N = 7066). This analysis showed the possibility that nearby neuronal
sites could have more similar tuning maps, but the strength of the correlation depended on visual
area and the placement of the array on the cortex. Related to Figure IV-2 and Figure IV-4 in
Results section 1V.2.3 Areal differences of tuning landscapes.
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Chapter V : The Level Set and Invariances of
Tuning Landscape

Abstract

Visual representations can be defined as the activations of neuronal populations in response
to images. The activation of a neuron as a function over all image space has been described as a
“tuning landscape”. As a function over a high-dimensional space, what is the structure of this
landscape? In this study, we characterize tuning landscapes through the lens of level sets and
Morse theory. A recent study measured the in vivo two-dimensional tuning maps of neurons in
different brain regions. Here, we developed a statistically reliable signature for these maps based
on the change of topology in level sets. We found this topological signature changed
progressively throughout the cortical hierarchy, with similar trends found for units in
convolutional neural networks (CNNs). Further, we analyzed the geometry of level sets on the
tuning landscapes of CNN units. We advanced the hypothesis that higherorder units can be
locally regarded as isotropic radial basis functions, but not globally. This shows the power of

level sets as a conceptual tool to understand neuronal activations over image space.

Keywords: level sets, invariance, visual neuroscience, natural image manifold, neural tuning,

radial basis function, generative adversarial network, iso-response curve
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A Level sets of tuning landscape B Topology of level sets across level C: Geometry of level sets
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Figure V-1 Conceptual schematics. A. The level sets of a schematic landscape. B. One
method for characterizing these sets: tracking topology through levels. C. A second method:
analyzing the geometry of each level set within and across the connected components.

V.1 Introduction

The visual capabilities of humans and machines depend on the representations of their
constituent neuronal units. To a first approximation, a visual representation is a set of feature
functions over image space. For primate visual systems, these functions are instantiated by the
firing rates of individual cortical neurons. For automated visual systems such as deep artificial
neural networks (ANNs), these functions are instantiated by the activations of hidden units. The
feature function is usually a continuous non-negative function of the image: for neurons, the
mean firing rate changes continuously with the image; for in silico units, activation is a
continuous function by design. Thus, we can picture the activation of a neuron or unit over the
entire image space as a tuning landscape (Wang and Carlos R. Ponce, 2022d) (Chapter 1V). If
we do so, one can then ask: what are the image transformations that leave a unit’s activations
unchanged? In the landscape picture, this translates to finding the isoresponse contours or level
sets of the activation function (Figure V-1 A). Transforming images within each level set will
leave activations unchanged. This is a generalized definition of “invariance”, the ability of a
neuron to respond equally despite nuisance transformations (Ito ef al., 1995). At the population

level, the intersection of individual neural level sets defines the set of metamers for a population
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representation (Freeman and Simoncelli, 2011; Feather ef al., 2022). Thus, understanding the
structure and visual content of level sets can shed light on important neuronal functional
properties — a collection of level sets is similar to a computer tomography scan of the tuning
landscape. Using tools from Morse Theory (Milnor, 2016), one can track the shape and topology
of level sets as a function of the activation, revealing information such as the number of peaks,

and the shape of each peak (Figure V-1B).

Here, we analyzed the tuning landscape of neurons and units through the lens of level sets.
Using data from a novel experimental design (Wang and Carlos R. Ponce, 2022d), we obtained a
collection of level sets on 2D tuning maps from neurons in visual cortex. By tracking how the
level-set topology changed as a function of activation, we developed a topological signature for
each tuning map. This signature was found to change systematically across the visual hierarchy,
advancing previous results. We also examined images within the level sets to capture the feature
attributes to which the unit was invariant. Finally, using level sets, we studied the high-
dimensional tuning landscape of units in an ANN trained for object recognition. We found that
higher-order units could be well-approximated by isotropic radial basis functions locally, while
globally exhibiting multiple separated peaks. In contrast, the tuning-landscape peaks of mid-level

units were much more anisotropic, and better connected by “mountain ridges”.

V.2 Formalism and Mathematical Background

Let us consider the tuning function of a neuron or unit, mapping images to non-negative

activation values® f: 1 = R,. We assume f'is a continuous function of the image. Since image

? For neurons, we will consider their mean firing rates in a given time window and disregard dynamics, e.g.,
fluctuation and adaptation effects.
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space I is compact '°, this continuous function has a global maximum and minimum value,
according to the extreme value theorem (Rudin and others, 1976). The level set of a tuning
function on general image space J is defined as the set of images evoking the activation level c,
Q. ={I €3] f(I) = c}. In this study, the image space is parametrized by a generative image
model G : R - [ (Dosovitskiy and Brox, 2016b), so the level set lies on this d dimensional

image manifold.

Q. ={I =G(2),z€ R*| f(G(2)) = c} (1)

When c is a regular value of the function f, the level set on a d-dim manifold is a (d — 1) dim
hypersurface (per the implicit function theorem (Hatcher, 2000)). When c is a critical value (e.g.,
the value of a peak or a saddle point), the level set may contain discrete points. From Morse
theory (Audin, Damian and Erné, 2014), if an interval [a, b] contains only regular values, then
the level set Q, and € has the same topology (it is homeomorphic). Using this fact, when we
find that the topology of a level set changes in an interval [a, b], we can conclude there is a
critical value (e.g., a second tuning peak) lying in this interval (for examples, see Figure V-1 B).
Thus, tracking the level set as a function of activation level can characterize the landscape.

For a high-dimensional image space, fully representing and characterizing a dm — 1
dimensional hypersurface is intractable. So, we used two strategies to study these: in Sec. V.3,

we consider a tuning function on a 2D sub-manifold in the image space; then, the level sets

10 When regarding an image as a red-green-blue (RGB) pixel array, the space of images is bounded.
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become 1D curves—easier to study. In Sec. V.4, we sample discrete points from the high-

dimensional level sets and estimate their properties (Figure V-1 C).

V.3 Level Sets of Neuronal Tuning in vivo

In this section, we study the tuning landscapes of visual cortex neurons using level sets. Because
most datasets comprise arbitrary, irregularly sampled natural images, they do not facilitate
neuronal response interpolation needed to calculate a level set. In contrast, generative image
models allow for the dense sampling of visually similar stimuli and perfectly suited level set

extraction — thus, we used these generative models for our experiments.

Experimental Design. The activity of visual neurons in V1, V4, and posterior inferior temporal
(pIT) cortex were recorded using chronic microelectrode arrays (Microprobes for Life Sciences).
A generative image model G with 4096 latent dimensions (Dosovitskiy and Brox, 2016b)
parameterized a naturalistic image manifold. We used this manifold to characterize neuronal
tuning functions and to find each site’s tuning peaks. In each experimental session, one cortical
site was selected as an experimental target (which could be a single neuron or multi-unit cluster),
and then the neuron-guided image synthesis or Evolution approach (Ponce et al., 2019a) was
used to search for images that maximized firing rate (Figure V-2 A). After responses converged
(Loshchilov, 2014; Wang and Carlos R. Ponce, 2022b), the evolutionary trajectory in the latent
space was analyzed by principal component analysis (PCA). Then, a 2D hemisphere was created
in the subspace spanned by the top three PC vectors of the trajectory (Figure V-2B). We denoted
the coordinate map of hemisphere as ¢: [-1/2, /2] X [-7/2,7/2] - R**%%,(0,¢0) » z.
Latent codes were sampled regularly on the longitude-latitude (6, ¢) grid, and then mapped to

images by G. This 2D hemisphere was designed to section through the peak and to visualize the
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shape of tuning around optimal stimuli'!. Finally, the sampled images were shown to the subject
and neuronal responses 7 recorded. Each session led to a 2D tuning map, which could be
understood as the composite function f o G o ¢p: (6, @) — z — [ — r, mapping spherical
coordinates (0, ¢) to neuronal activations r (firing rate averaged over [50,200]ms after stimulus

onset).

Level Set Extraction. As shown in Wang and Ponce (2022c) , neurons from V1 to pIT showed
smooth tuning maps on the image manifold (Figure V-2 C). Spherical spline interpolation was
used to obtain a smooth function over the hemisphere (see appendix V.7.1 for details). We
sampled K = 21 levels uniformly between the min and max values of the tuning map and

extracted these level sets (Figure V-2 D,E).

Evolution: Image Trajector: Manifold: Raw Activation Map

550 D. ] Spherical Interpolation

500

450

400 -

Angle along PC2 (Longitude 9)

PC3 dimension
=

400 - i
b - PCtdimens, S 0

a0 400

. 2= firing rate
Angle along everits/sec

Figure V-2 Example Manifold experiment (in vivo) (Wang and Ponce, 2022c). A. Process of
image optimization as driven by a V4 multiunit in monkey B (Evolution experiment). Image
frame color denotes mean firing rate evoked per generation (same color scale as C). B. Latent
space geometry of Evolution trajectory and Manifold sampling grid, plotted in the 3D

subspace spanned by the PC1,2,3 vectors of the Evolution trajectory, adapted from Wang and
Ponce (2022c, Figure 2). C. Raw neuronal response as a tuning map over the Manifold images.
D. Spherical interpolation of tuning map and all level sets. E. One circular level set with
corresponding image loop.

' This specific way of sampling was informed by the spherical geometry of the latent space of the generator G
(Wang and Ponce, 2022a, Figure B.1, here Figure I1I-16). In this latent space, angular distance was a better correlate
of perceptual distance than linear distance; changing the vector norm largely changes image contrast. So, we fixed
the vector norm and sample vectors on a sphere.
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V.3.1 Topological Signature of Level Sets on Tuning Maps

First, we examined the topology of each level set. Since each level set Q. is a 1D manifold, it has

to be the union of segments that are topologically homeomorphic to either a circle S' or a line

(0,1) (Hatcher, 2000). Based on this fact, for each level set, we computed the number of

segments (connected components) that are homeomorphic to circles Nsand to lines Nz. We

tracked these numbers Ns, NV, as a function of the activation level c. We call this the topological

signature of the level sets.
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Figure V-3 Topological signatures of level sets in vivo. A-C. Example tuning maps and their
topological signatures. (Left panel) K level set contours on the tuning manifold. (Right panel)
Solid lines and dots denote the number of branches, loops and lines on each level as a function of
neuronal activation level. A. A sharp single peak surrounded by many circle segments. B. A
broader single peak, with more line segments. C. An irregular, multi-peak landscape, with
multiple circular and line segments. D. UMAP plot of individual cortical sites (color indicates area
of origin). E. Same plot with color coding of index iloop.
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We found that generally, at a high activation level, the topology of the level set was a circle

S!. At lower activations, the level set became more elongated and fractured. We tracked the level
set topology down from the peak and defined an index iy as the lowest level where the level set
was still a single circle. This index quantifies the level where the level set changed its topology,
either by intersecting the boundary or going through a second peak. Since all levels between ijo0p
and K are homeomorphic to a loop, we can infer that above the level iy, the landscape looks
exactly like a bell (homeomorphic to a disk D?).

To see how this topological signature translated to the landscape’s geometry, we investigated
a few examples in Figure V-3. A sharp isolated peak on the tuning map (4) was reflected by
many level sets with a single circular component at a high activation level. A broader peak (B)
was encoded by multiple line-like level sets, since the mountain slope intersected with the
boundary of the hemisphere. A more fractured and multi-peak landscape (C) led to multiple
connected components, even at high activation levels.

We then performed a population analysis using dimensionality reduction (UMAP) (McInnes
et al., 2018) on the topological signatures of all tuning maps (n = 90). We used the number of
loops Nsand lines N; at K levels as the feature and Manhattan distance as the metric. The UMAP
analysis revealed a spectrum of topological features across all neurons (Figure V-3D). We found
that the index iy Strongly correlated with this spectrum (Spearman correlations with UMAP
coordinate 1,2 were 0.923, p = 3x10 3 and 0.82,p = 8x1072), providing one interpretation of this
map. When we labeled the UMAP points by their visual area, we found that the progression of
visual hierarchy (V1 to V4 to pIT) mapped onto this spectrum (Figure V-3E). The index ijoop
decreased across the ventral hierarchy (Spearman correlation of i, with hierarchical level was

—0.565, p = 6.5 x 10%; one-way ANOVA of ij0p and cortical area, F=23.01,p=9.1 x 107).
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Simply put, more IT neurons have tuning maps as in example 4, while more V1 neurons have
maps as in example C. In topological terms, a narrow isolated tuning peak resulted in more loop-
like level sets and lower ij0p, While multi-peaks on a highland led to non-connected level sets at a

high level, leading to a higher #/s0p.

As a comparison, we performed the same Manifold experiments on units from a deep neural
network (for details see V.7.4). The same level set analysis revealed a trend of topological
signature change across the layers, similar to that across the ventral hierarchy (for in silico
experiments, Spearman correlation of i, with the layer depth was —0.589, p = 0,df'= 9502. For

qualitative comparison of the mean topological signature, see Figure V-7 and Figure V-8).

V.3.2 Emergent invariance in level sets
Monkey A Exp 3 IT Channel 9 C. Activation to natural images (spk/s)

\J

Figure V-4 Example of an interpretable image transformation of one level set in vivo.
A circular level set that mapped to a color/hue circle in the image space. A. (Left) The
circular level set on the tuning map of an IT neuron in monkey A. (Middle) The peak image
on the manifold. (Right) The feature attribution mask highlighting the image region that
correlated the most with the neural activation. For details see Sec.B.2. B. The image content
of the level set, with the feature attribution mask emphasizing the region important to the
neuron. C. Natural images that were also strongly activating. Firing rates are labeled at the
corner and encoded in the color frame.
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Next, we examined the visual content of each level set to study its associated feature
invariance. We found that the image transformations of a subset of level sets were highly
interpretable. For example, in one case, a pIT neuron guided the Evolution search towards a red-
pink round object (Figure V-4 A). We extracted and visualized the level set at a high level (80%
max). Intriguingly, the circular level set looping around the peak corresponded nearly perfectly
to a hue circle with approximately the same spherical shape as the “object”. Thus we could
describe the image transform along this level set as “changing the color of the object by rotating
along the hue circle”. More formally, we can define a group action of a S' circle group
transforming the image by traveling on the circle. We also examined the same neuron’s
responses to natural images in the same session (Figure V-4 C). Though their activation level
was not as high as the peak image, they had different colors: an orange, a green apple, brown
toast, etc. This suggests that this IT neuron was relatively invariant to the object’s color. More
generally, since circular level sets were common on the landscape, especially around tuning
peaks, we conclude that it is relatively simple to create image transformations to which a neuron
will be invariant. Crucially, we also noted that many level sets corresponded to image
transformations that were hard to summarize in simple words (see Figure V-9). We will discuss

the implications of this observation in the end.

V.4 Level Sets of Deep Neural Network Units

Next, we characterized the tuning landscape of deep neural network units on the same generative
image manifold. Without in vivo experimental constraints, we were able to explore the full image
manifold and characterize level sets more comprehensively. This could generate testable

hypotheses for neural representations in vivo.
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Methods. Here we used an optimization method to sample from level sets and characterize them
using these samples. Since each level set €. can have multiple connected components, we were
interested in both local and global properties (i.e. structure of one component or across
components). We analyzed local properties by first finding a local maximum, and then searching
for level set images starting from that maximum. Global properties were analyzed by searching
for level set images starting from random initializations. Pictorially, a local search ends at points
near the connected component around a given peak; a global search ends with points lying on
different “peaks” (Figure V-5 A). By analyzing the distance structure among images within a
component (local) or across components (global), we could characterize the geometry of the
tuning landscape.

More concretely, we first performed an initial Evolution to obtain one activation maximizing
image I" = G(z") and its code z* as the base. Then, we searched for level set images using the
objective Eq.2. The first term penalized the deviation of activation from the level c; the second
term minimized or maximized the perceptual distance from a target I*, depending on the sign of
p. For a local characterization, the search was initialized from the peak z*; for a global
characterization, from a random vector. We used the perceptual image distance LPIPS (Zhang et
al., 2018) as D, and masked the images by their receptive field masks (methods detailed in
appendix V.7.3). For each unit, we performed the search under three main conditions: local
search, minimizing image distance (f = 5); local search, maximizing image distance (f = —5) ;
global search, maximizing image distance (f = —5). We also performed the local and global

search with f = 0 as baseline conditions.
argmin |[f(G(2)) — c| + BD(G(2),I") 2
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Figure V-5 Characterizing level sets for in silico units. A. Conceptual schematics showing
level sets as hyper-surfaces and our strategy for characterizing them. B. Image samples from two
level sets (0.2,0.5) for a unit in layer 4 (images masked by its receptive field). Each column
shows three samples obtained under the same search condition (local min, local max, global max
image distance). The base image (local maximum) is shown in the rightmost column. C.
Examples of image distance - activation level curve, in three different layers. D. Ratio of global
versus local max image distance in a level set, as a function of layer. E. Ratio of local max versus
min image distance in a level set, as a function of layer.

Model network We chose the adversarially trained ResNet50-robust (He et al., 2016; Engstrom
et al., 2019), as the in silico visual hierarchy to be compared with the ventral stream. This choice
was made based on its high ranking on the Brain-Score leaderboard (Schrimpf et al., 2018) at the
time of this study. We sampled six layers and 60 units per layer; for each unit, we searched for
11 activation levels, with 5 different search conditions, and 40 repetitions, totaling 792,000

optimization runs.

V.4.1 Global Topology of Level Sets

First, we focused on the basic topological property of path-connectedness of the level set. We

made the assumption that if a level set was path-connected, a gradient-based search within the set
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could explore every point in it. So, we compared the level-set samples found by local versus
global searches, both maximizing distances to the base image I*. Specifically, we compared their
image distances to the base image. The ratio of image distance between global and local search
estimates the ratio of the distance between connected components and the “radius” of one
component. Indeed, we found that the global search resulted in a larger diversity of level-set
images, which were further apart from the initial peak I* (Figure V-5 B,C). Throughout the
hierarchy, the ratio of the mean image distance between the global and the local search was
always greater than one (Figure V-5 D). Thus, we conclude that these level sets were generally
not path-connected, and the tuning landscapes exhibited peaks at multiple locations which are
not connected by a ridge. We also note that the global/local ratio for hierarchically higher units
was larger, and the ratio for mid-hierarchical units was closer to one (layer3.B2, mean+std 1.53 +
0.24, layer3.B5, 1.62 + 0.30, N = 60). This suggests that the landscape of mid-level units was
“more connected” — meaning that when traveling along one level set component, the farthest
distance one can reach was close to the farthest one can get globally. Pictorially, this means that
the peaks of mid-level units were connected by “mountain ridges”. In contrast, the peaks of high-

level units were more isolated, and each local component was farther apart.

V.4.2 Local Geometry of the Level Sets and Tuning Peak Isotropy

Next, we examined the local geometry of the level sets. We computed the ratio between the max
and min image distances D to the peak from one local component ﬁc.

inD(I, I
gggcl( )

D(I, I*
max U, )

Amaxmin(€) =
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The max-min ratio Amamin 1S closely related to the condition number of the Hessian matrix at the
tuning peak, given a local quadratic approximation to the neural tuning function. The numerator
points to the flattest direction to the level set, while the denominator points to the steepest
direction from the peak. So, using this index we can quantify the perceptual anisotropy of the
tuning peak.

We found that for mid-layer units, the ratio was large, i.e., there was a large gap between the
minimum and maximum image changes that induced a certain level of activation decrease
(Figure V-5 CE). In contrast, for the higher order visual representations (especially the
penultimate layer in ResNet50-robust), the ratio was surprisingly close to 1 (mean=std, 1.77 +
0.46, N = 60) — so even the “fastest” descent and “slowest” descent path from the peak had a
similar slope. This highlights the isotropic nature of the peak.

In summary, we can interpret these results in the context of the radial basis function (Poggio
and Girosi, 1990b). It has been proposed that in a multidimensional space, the tuning of neurons
could be viewed locally as a radial basis function (Wang and Carlos R. Ponce, 2022d). Here, we
validated that the tuning landscapes of higher-order visual units can be locally approximated well
by isotropic radial basis functions: any direction deviating from the peak has a similar slope.
However, this approximation does not hold globally, as images sampled from other components
of the level set did not fall on the same trend Figure V-5. This suggests we should not limit
global characterization of tuning to just one radial basis function, and certainly not to readily
interpretable tuning variables (Wang and Carlos R. Ponce, 2022d). In contrast, for mid-level
units, there exist some very flat and also very steep paths deviating from the peak, illustrated by
an elongated level set with large aspect ratio. Thus even locally, their tuning landscapes are

anisotropic and exhibit certain “untuned” directions. This result is consistent with the model
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proposed in Wang and Ponce (2022c, Figure IV-6 in Chapter IV), where higher visual neurons

have more tuned axes than the middle ones and appear to be more isotropic.

V.5 Discussion

In machine learning, the concept of level sets has been a classic tool for representing and
analyzing shapes (Osher, Fedkiw and Piechor, 2004). In neuroscience, it has been used under the
name of “iso-response method” to understand the computation that integrates two or three
features in early sensory neurons (e.g. locust auditory receptor, retina ganglion cells, V1 neurons,
(Gollisch et al., 2002; Rust et al., 2005; Gollisch and Herz, 2012; Horwitz and Hass, 2012)). In
this work, we extended this tradition and applied this concept to analyze the geometry of tuning
landscapes of neurons throughout the visual hierarchy. Thanks to the advance of image
generative models and closed-loop experiment techniques, we are now able to obtain level sets
both for higher visual neurons and in the high-dimensional space of complex natural images. As
we showed, the geometry of level sets exhibited trends across the visual hierarchy that were
consistent in vivo and in silico (Figure V-7 and Figure V-8). This adds another quantitative tool
for comparing representations in brains and machines, in addition to representation similarity
analyses (Kriegeskorte and Wei, 2021).

The next stage for visual neuroscience is to define how neurons respond across naturalistic
image transformations, specifically characterizing their selectivity and invariance. When
considering neuronal responses across a large image manifold (via the tuning landscape
perspective), it appears trivial to define a group action (i.e. image transformation) of a S, circle
group on a local image domain, to which the neuron activation is “invariant.” The group action is
to transform the image by rotating on the circular level set. More generally, the level set of a

function on a d dimensional manifold isad — 1 dim hypersurface. We hypothesize that if a
214



neuron is tuned to d dimensions, one should find a d — 1 dimensional hypersphere-like level set
around its local maximum, where the neuron will be invariant to any transformation on the
hypersphere. This may have implications for the development of equivariant neural networks.
There are compelling examples where the level sets on the tuning landscape contained
interpretable image transformations (e.g. color of the object), but more often than not, there are
no easy labels for the transformations characterized by the set (Figure V-9). This is likely
because neurons/units just learn useful features, and signal distances to these features, regardless
of interpretability. By being tuned to multiple features, the diminishing presence of one feature
can be compensated by the persistence of another. Thus, nameable image transformations (e.g.,
rotation) may be a small fraction of all the image transformations to which a unit or neuron is

Invariant.
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V.6 Appendix A. Related Work

Iso-response Set of Tuning Functions There is a rich history of analyzing the level sets of
tuning functions for biological neurons and artificial units. Much of this literature can be found
under the terms of iso-response sets. For in silico units, (Paiton et al., 2020) analyzed the iso-
response surfaces of units in a sparse coding network, and found that one direction of adversarial
perturbations was orthogonal to the surface. This makes sense since this was the “steepest”
tuning direction. For biological neurons, (Rust et al., 2005, pp. 2--) (Figure 5) analyzed the iso-

215



response contours of primate V1 neurons on the 2D plane spanned by the activities of two linear
filters (subunits). By inspecting the shape of the ellipsoidal contours and their alignment with the
axes, the authors inferred the form of nonlinear operations combining the linear filters. (Horwitz
and Hass, 2012) used a closed-loop experiment to find the iso-response surface for V1 neurons in
the 3d color space spanned by cone-photoreceptor activity space. By analyzing the geometry of
these 2D surfaces (e.g., some being planar, others ellipsoidal or cup-shaped), they identified
different linear or nonlinear computations used by these V1 neurons used to integrate cone input
signals. (Gollisch and Herz, 2012) reviewed experimental results on the iso-response curve: the
locust auditory receptors, with respect to the intensity of two pure tones in superposition
(Gollisch et al., 2002); retina ganglion cells, with respect to the contrast levels of two patches;
and V1 neurons with respect to colors (Horwitz and Hass, 2012). They proposed that by
analyzing the geometry of the “iso-response” curve on the plane spanned by two stimulus
features, one could disambiguate different feature integration mechanisms. They also suggested
that closed-loop optimization was crucial to estimate these level sets. These previous works
focused on early sensory neurons or receptors and analyzed contours in simple stimulus spaces.
Here, we extended this approach to neurons in higher visual cortices (V4 and pIT) within
complex naturalistic image manifolds. This advance was made possible by our closed-loop
experimental approach that could find neurons’ “preferred” stimuli and by the use of an image
generator that could manipulate images smoothly.

Shifting to studies of perception, (Zetzsche, Krieger and Wegmann, 1999) found the set of
stimuli that had a just noticeable distance (JND) from a given Gabor patch on a 2D image space.
By comparing the shape of the contour formed by these stimuli under different parametrizations

((Zetzsche, Krieger and Wegmann, 1999), Fig.5,6), the authors found that certain
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parametrization schemes (such as polar coordinates) were more fitting to perception because they
led to more isotropic, circular contours. This argument can also apply to the more isotropic
tuning peaks for higher visual units in our study. It suggests the latent space parametrization of

images is more “natural” for higher visual neurons like IT.

Level Sets in Machine Learning A level set is a classic concept in multivariate calculus and
geometry. In machine learning, it is a popular tool for representing d — 1 dimensional hyper-
surface data with a scalar function on d dimensional spaces (Osher, Fedkiw and Piechor, 2004).
The level set method is also a classic approach for image segmentation, which represents the
boundary of an object by the level sets of a function on the 2D plane. More recently, the neural
implicit function method represents 2D shapes and surfaces by the level sets of a 3D volumetric
function parametrized by a neural network (Chen and Zhang, 2019). In many cases, the function
learned by the network is the signed distance function (SDF) to the object surface (Park et al.,
2019). In these works, the level set is a tool to learn and represent a target signal. In contrast, in
our work, we used level sets to analyze representations already learned in biological and

computational visual systems.

Object Manifold in Neural Representation One similar line of work is the one studying the
geometry of object manifolds (Chung, Lee and Sompolinsky, 2018; Cohen et al., 2020). Our
conceptual pictures complement each other: they consider the manifold in the neural activation
space, traced by the neural activations to the different views of the same object. We considered
the level set manifolds in the image space, traced by the different images that evoked comparable

neuronal réSponses.
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V.7 Appendix B. Method details

V.7.1 B.1. Details for Spherical Interpolation

In Wang and Ponce (2022c¢), images and associated responses were organized on a regular
grid of spherical coordinates 6,¢. Thus, the spherical geometry needed to be taken into
account when interpolating the responses. We used the RectSphereBivariateSpline method in
SciPy to interpolate and smooth neuronal response on the hemisphere. We realized that
neuronal response noise would affect all downstream analyses, so we set the smoothing
parameter s as the sum of the squared standard error of the mean (sem) of response over the
tuning map. This balanced the reconstruction error and the smoothness of the map.

For contour extraction, we used the marching squares algorithm (Lorensen and Cline,
1987) implemented in skimage.measure.find _contours function for each contour line. Finally,
we re-parametrized each contour line with arc length parametrization and sampled the curve
uniformly. Namely, the latent codes were sampled with equal angular distance along the curve.
The resulting level sets were shown in Figure V-2 D,E.

V.7.2 B.2. Feature Attribution Mask

For the in vivo level set analysis, we masked the image with a “feature attribution mask”,
which can be estimated using a recently developed method Wang and Ponce (2022b).
Conceptually, this is a data-driven way to find the image region and pattern that correlate the
most with the neuronal responses. Briefly, this method took in all the image and response
pairs in the Evolution trajectory and correlated every unit activation in a convolutional neural
network with the neuronal response. Then the covariance tensor was factorized into the
combination of a few rank-1 factors, each one being the product of a spatial mask and a

feature vector. Finally, we fit a simple linear model to determine the relative weights of the
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factors. We used these weights to combine the spatial masks and obtained the alpha mask on

the image as in Figure V-4 and 9.

V.7.3 B.3. Receptive Field Estimation

For the in silico level set analysis, the image was masked by a “receptive field mask”. Simply,
we estimated the receptive field by computing the gradient from the activation to the image
pixels V; f (I), then we repeat this by sampling white noise images 200 times and averaging

these gradient maps

]El~unif[0,1] Vlf(l)

This average gradient map is normalized and smoothed to be the receptive field mask, as in

Figure IV-5, 10, 11, 12 and 13

V.7.4 B.4. Manifold Experiment in silico

As in Wang and Ponce (2022c), we conducted Evolution and Manifold experiments on units
sampled along the ResNet50-robust. We sampled units from the center of feature maps of
every channel in the CNN, totaling 38012 units from 10 layers (relu, layer1.B1, layer2.BO,
layer2.B2, layer3.BO, layer3.B2, layer3.B4, layer4.BO, layer4.B2, fc , B is the abbreviation for
Bottleneck layer). In each experiment, the receptive field of the unit was measured; the image
was resized to fit the receptive field of the unit. Then the same Evolution and Manifold
experiments were applied to the unit to obtain its activation maximizing image and the 2D
tuning maps around the image. Then the tuning maps were analyzed by the same level set

topology analysis as in Sec. V.3.
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V.8 Appendix C. Extended Results
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Figure V-6 Neuronal fluctuation in vivo. Left. The surface plot shows the
spherical interpolation of a tuning map in vivo (a neuron in IT of monkey A). 3d
scatter shows the single trial neuronal responses to each image. Right. 1d section
through the 2D tuning map, showing the single trial firing rates (scatter), mean
response (blue), and the spherical interpolated activation curve (red). This

motivates us to use the smoother interpolated curve when computing the level
sets.
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Figure V-8 Mean topological signature per layer in network ResNet50-robust. Each
curve shows the meant+sem number of loops (A), lines (B), and branches i.e. connected
components (C) as a function of level index; each color corresponds to a given layer.
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Figure V-9 Examples of level sets lacking readily interpretable image transformations.
Examples from A. V1, B. V4, and C. IT are showed in the three panels. Figure layout in each
panel is similar to Figure 4.
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Figure V-10 in silico Level set image samples for an mid-level unit in layer 3. Upper
Level set images for three levels are shown (0.2,0.5,0.8 max activation level). Samples
obtained with the same objective are shown in a column. Three objectives were local min,
local max and global max image distance search. Lower Summary of all level set images for
this unit. The large gap between the local min and local max distance highlights the anisotropy
of the peak. The smaller gap between the local max and global max signifies the different
connected components of the level set are not too far away. For examples with another
organization, see Figure 11, Figure 12, Figure 13.
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Figure V-11 in silico Level set image samples across activation levels of a unit in
Layer2-B3. Upper left Initial peak, base image /*. Upper right Summary of all level set
images for this unit. Lower, Each block collect the level set images obtained in one
optimization condition: from top to bottom, local min distance, local max distance,
global max distance. Column from left to right shows level set images for 0.0 to 1.0 max
activation level, two images per level per condition.
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Chapter VI The Alignment of Ventral
Stream Tuning with Multiple Image
Manifolds

Abstract

The neural basis of our object sense is an important question for both biological and
artificial visual systems. To study it in the visual cortex (including V1, V4 and pIT), we set out
to optimize images for neurons in all these regions, applying a closed-loop evolutionary
algorithm. Crucially, we used two generative image models: (1) DeePSim, which parametrizes
irregular image patterns, and (2) BigGAN which parametrizes object identity and nuisance
variables. We found that neurons could guide image optimization on both pattern- and object-
based image manifolds, in two monkeys. Image optimization in DeePSim successfully
increased the neuronal firing rate in nearly all experiments for both V1 and V4. However, when
it came to BigGAN, it failed consistently for V1; while for V4, it succeeded in about 50% of
experiments. Interestingly, in IT, the success rate was around 60% for both image spaces. This
suggests that neuronal tuning along the ventral stream became more aligned with object-based
and less aligned with pattern-based parametrization. In V1 and V4, optimized DeePSim images
evoked higher firing rates than BigGAN; in contrast, in IT, the optimized images from both
spaces evoked comparable rates. Intriguingly, in convolutional neural networks (CNNs),
optimized DeePSim images were more activating than BigGAN across the hierarchy. This
suggests that CNN units were less object-aligned than IT neurons, corroborating the finding that
CNN models are more texture-biased. Next, by analyzing neuronal dynamics, we found that IT
response preference for BigGAN images emerged later in time, suggesting that “object
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preference” in IT required recurrent processing. To evaluate the images, we found that the V4
neurons guided the BigGAN images to become less object-like relative to baseline, while
guidance from IT neurons led the BigGAN images to have higher objectness score than
baseline. In contrast, guidance from both V4 and IT made DeePSim images more object-like.
Visually, we could identify similar features synthesized in both spaces, and we found the feature
similarity of the optimized images correlated more with the similarities of the response dynamic
in two spaces rather than mean response. This suggests that the dynamics of the neuronal
response encode critical sensory information. All in all, our results point to a dynamic
preference for objects that gradually evolves over time in the higher visual cortex, e.g., IT,
while still retaining robust responses across pattern-generating space. These results also
highlight a gap of object alignment between the current computational models and biological

visual system, which may be addressable by recurrent processing.

V1.1 Introduction

From the dawn of visual neuroscience, highly activating images have been used to highlight
the feature preference of visual neurons. Many classic works manually design simplistic and
parameterized image spaces and characterize the neuronal response patterns in those spaces
(Pasupathy and Connor, 1999). The recent advances in generative image models enabled us to
compactly parameterize naturalistic images, opening up possibilities to study neuronal selectivity
in a more automated fashion. Using evolutionary algorithms and generative image models,
researchers have successfully synthesized highly activating images for neurons across the ventral
stream in primate (Ponce et al., 2019b), and found intriguing trends across the visual hierarchy
(Rose, Johnson, Wang and Carlos R Ponce, 2021; Wang and Carlos R. Ponce, 2022d). However,

limited by the search algorithm (Xiao and Kreiman, 2020), previous works focused on one
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specific generative image model, a generative adversarial network (GAN) called DeepSim
(Dosovitskiy and Brox, 2016b). As generative image models have progressed rapidly in the last
seven years, this has raised questions about the generality of the method and whether the results

tell us more about the generative network or about the visual neurons.

Recently, with a more detailed understanding of the geometry of the generator latent space
(Wang and Ponce, 2020) and an improved evolutionary algorithm (Wang and Carlos R. Ponce,
2022c), we have unlocked the ability to apply the neural-guided image synthesis paradigm to
many new image generators. This technical advance enabled us to compare different generative
image manifolds as a factor that influences the Evolution process. This holds the potential to
reveal new insights into classic questions in neuroscience: i.e. the nature of representation on the
visual cortex. More specifically, this question asks about the alignment between the neural

representation and image manifolds.

Let’s imagine, a wealthy patron hired two artists of different styles to create their best
painting for them. The patron and the artists work in an interactive fashion, each time the artists
produce some potentially interesting paintings, and the patron will give feedback to the artists by
telling them which ones they like more. Both artists will try their best to adjust according to the
feedback to make the patron happy. But those artists with an intrinsic similar "artistic taste" to
the patron will succeed easier, while others will have a harder time figuring out what the patron
likes. Specifically, the artist with an aligned taste can start with a better sketch, and not many
changes are needed to achieve a pleasing outcome. On the flip side, the misalignment between
the taste of the patron and the generative power of the artists makes it hard to adjust the artwork

according to their feedback.
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In this work, we let the visual neurons from the primate ventral stream be our patron and two
different generative image models be our artists, this enables us to test their differential
alignment with stages of ventral stream processing. Specifically, we compared neuron-guided
image synthesis in two GANs back-to-back: the classic DeePSim GAN and the modern BigGAN
(Brock, Donahue and Simonyan, 2018). DeePSim GAN has served as a general natural image
prior to vision research (Ponce et al., 2019a; Rose, Johnson, Wang and Carlos R. Ponce, 2021;
Wang and Carlos R. Ponce, 2022d), but it does not generate whole objects in the image by
default, and random samples from it look like compositions of shape and textures similar to
abstract painting. In contrast, BigGAN is trained to conditionally generate object images in
ImageNet (Deng et al., 2009) with nuisance variation, and random samples from BigGAN will
be an image centered on objects with a photorealistic style (Figure VI-1). We compared the
success rate of Evolution, the optimized activation, the optimization dynamics, the neural
dynamics and the optimized images in the two spaces to shed light on how the alignment of

neuronal tuning and image manifold change across visual cortices and change through time.

V1.2 Results

VI.2.1 Develop optimizers for BigGAN object image manifold
Developed by DeepMind in 2018, BigGAN enjoys a much more complex network structure,

which includes self-attention Zhang et al. (2019) and modulated batch normalization Chen et al.
(2018). Different from DeepSim, BigGAN is a class-conditional GAN (Figure VI-1B), which
receives a class conditioning vector ¢ € C and a noise vector z € Z. Each of the 1000 object
classes in ImageNet is represented by a different class vector c¢; while the variations within each
class are controlled by the noise vector z which is sampled from a truncated Gaussian distribution

during training. Thus, smoothly traveling in the class embedding space C will interpolate between
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the categories of objects while traveling in the noise space Z will change nuisance variables like
aspect ratios, orientation, viewing angles, etc Wang and Ponce (2020) (Figure VI-1C). Given its
different latent space structure, how to efficiently search in this latent space via Evolution

paradigm became our first challenge.

Developing closed-loop optimizers for the stochastic visual neurons in vivo is timeconsuming
and costly. However, in the field of evolutionary computing, it’s a common strategy to configure
optimizers on synthetic problems with similar landscape characteristics, and then deploy them
into the real world (Long et al., 2022; Wang and Carlos R. Ponce, 2022¢). In visual
neuroscience, convolutional neural networks (CNN) have been widely used as models of primate
visual hierarchy (Yamins et al., 2014). Further, the tuning landscapes of the hidden units have
been shown to share many similar properties of the ventral stream neurons (Wang and Carlos R.
Ponce, 2022d). Thus, we first optimized the configurations of evolutionary algorithms for

BigGAN on the hidden units of CNN in silico, and then tested them on real neurons in vivo.

We found a successful configuration of Evolutionary Strategy algorithms that work for
BigGAN in silico and showed that it also works in vivo, (Figure VI-2 A). We noted that the key
parameter for success is the standard deviation of the sampling distribution or the step size of
exploration. This parameter controls the distance of exploration in the latent space, which
translates to the distances between samples in a batch of images. If the images within a batch
were too similar to each other, the difference in neuronal response to images will be
overwhelmed by single-trial response variability, obscuring the "gradient" direction of the tuning
landscape. On the other extreme, if the images within a batch are too far apart from each other,

pictorially, they may locate on different peaks on the tuning landscape, then traveling in the
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Figure VI-1 Different image manifolds and their parametrization by GANs (BigGAN and
DeePSim GAN). A. A schematic of different GANs parametrizing different manifolds in the image
space. B. Different architectures of BigGAN and DeepSim GAN, note the side modulation structure
in BigGAN Chen et al. (2018). C. Samples from different image distributions, from left to right:
ImageNet, samples from ImageNet validation set; BigGAN, images sampled from BigGAN using
the trained class vectors ¢ and noise distributions z; BigGAN (RND), samples from BigGAN using
normally distributed class vector ¢ and noise distribution z; DeePSim, images generated by
DeePSim GAN from normal distributed latents z ~N(0,41) ; pink noise following 1/f spectrum;
white noise by i.i.d. uniform distributed pixel values. D. Quantifying the naturalness of image
statistics by Frechet Inception Distance between the image distribution (50000 samples) and
ImageNet validation images. E. Quantifying the diversity and objectness of image distribution by
Inception Score.

averaged direction of these latent codes may not be helpful. Fundamentally, this parameter
should be tuned to suit the average "slope" of a tuning landscape. Heuristically, we configured

the parameter for each generator such that the samples in each batch are perceptually different
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but not totally unrelated. We tested these optimizers on in silico units from convolutional neural

networks, and confirmed that they can successfully optimize activation for these units.

Note that this is potentially a general strategy to develop evolutionary optimizers for different
generative image models including other GANs or Diffusion models. Using this strategy, we also
showed proof-of-principle results that closed-loop image optimization can work for other
generative spaces such as StyleGAN2 (Karras et al., 2020), while the thorough investigations of

those spaces are left for future investigations.

VI1.2.2 Comparison of Neuron guided image synthesis in two generative

spaces
With this technical success, we were able to perform the comparison of generative spaces in

vivo. We conducted a series of parallel Evolution experiments on two monkeys (A, B). Neurons
were recorded through Floating Microelectrode Array (FMA) implanted in three visual cortical
areas (V1, V4, posterior IT) in each monkey. Spiking activities of single and multi-units were
sorted out online. Our experimental procedure was the following: At the beginning of each
session, we mapped the receptive fields of all the recorded neurons and chose a responsive unit
as our target, which we called the driver unit. Using the firing rate of the driver unit as the
optimization target, two Evolution experiments, which we called threads, were conducted in
parallel, one searched in BigGAN space, and the other searched in DeePSim space, with the
optimizers configured for each space (Figure VI-2A). In each block, the images proposed by the
optimizer for BigGAN and DeePSim were randomly interleaved in a sequence; then these
images were shown to the monkey in a rapid serial visual presentation (RSVP) fashion. Instead
of separating images from DeePSim and BigGAN into blocks, this design maximally matched

the recording quality and state of the animal between the two threads of optimization.
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Specifically, each image was presented on screen for 100ms duration and 150ms inter-stimuli
interval; 3-5 images were shown in a trial where the monkey needed to maintain fixation in a
circle of 1 deg radius. Failure to maintain fixation will abolish that trial. After all the images
were presented, the mean firing rate of the driver unit in 50-200ms to each image was
summarized as a scalar score and fed back to the two optimizers (Details see Methods). Then the
optimizers proposed two sets of new latent vectors, which were rendered into images, initiating

the next block of the optimization loop.

In total, we collected 170 sessions of paired Evolution. We excluded experiments where the
recording quality (e.g. baseline firing) was not stable or the experiment has fewer than 15 blocks.

After that, we retained 154 valid sessions (90 in A, 64 in B) for downstream analysis.
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Figure VI-2 Example of a successful paired Evolution in vivo. A. Schematics showing the
workflow of parallel Evolution experiments in vivo. B. Neural activation during paired
Evolution in an example session where both threads successfully increased the firing rate of
the target unit. Line and shading showed the mean and standard error of mean (sem) firing
rate. Colored solid line, the evoked firing rate (50-200ms) for the images proposed by the
optimizers in BigGAN and DeePSim space; Gray solid line, the evoked firing rate for a fixed
set of natural images as reference, same for both Optimizers; Colored dotted line, the baseline
firing rate (0-50ms) for each thread. C. Evolution of images in the DeePSim and BigGAN
space in the same experiment. The image evoking the highest firing rate in each block is
shown as an exemplar; The color framing the images encodes the average evoked firing rate
of the images in that block. The exemplars from the last two blocks were shown in bigger
frames. We can see some similar features emerged from the two Evolution threads, but
embedded in images with different styles. D. Evolution of response dynamics (peri-stimuli
time histogram) across generations.
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As an example, for an IT neuron in monkey A, the paired Evolution in both DeePSim and
BigGAN space successfully increased the neuronal firing rate. (Figure VI-2 B,C) When
examining the images throughout Evolution, we can see the different ways images evolved in
DeePSim and BigGAN space. For DeePSim, the image optimization started from a colorless
texture, and the preferred feature was "synthesized" from scratch. In contrast, for BigGAN, the
image optimization started with a well-formed alpaca-like creature on a green background, and
then the object identity and nuisance variables were gradually updated to maximize the neuronal
firing rate. After Evolution, in DeePSim space, the neuron guided the generation of a brownish
curvy surface on a white background; while in BigGAN space, the neuron guided the generation
of a bird-like creature on a green grassland background (Figure VI-2 D.). Potentially, the neuron
was responding to the common curvy shape in the bird’s neck, as in the optimized DeePSim
images. Though these optimized images are apparently different from our eyes, they evoked
comparable firing rates in the target neuron (comparing the mean firing rate in [50,200]ms
window for images of the last two blocks; two-sample t-test t128 = 0.97,p = 0.33, not significant).
This suggests that the neuron could respond similarly to some key features embedded in very

different images.

Nevertheless, inspecting the peri-stimuli time histograms (PSTH) across Evolution, we can
see that the neural dynamic evoked by the optimized BigGAN and the DeePSim images have
subtle differences, i.e. the peaks of neural response for BigGAN images had higher latency than
the peaks for DeePSim images (Figure VI-2 C). This difference between the response dynamics

will be more systematically analyzed below.
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VI.2.3 Success rate of Evolution highlights the alignment of the visual
area and the generative spaces

Table VI-1 Success rate of Evolution experiments. Success criterion, t-test between the
activations in the first two generations and two generations around the maximum activation, p <
0.01. Similar tables with the alternative success criterions are shown in the Supplementary
Information, Table VI-2, VI-3.

BigGAN DeePSim Both

V1 | 0/10 (00.0%) 10/10 (100.0%) | 0/10 (00.0%)
V4 | 20/38 (52.6%)  37/38 (97.4%) 20/38 (52.6%)
IT | 65/106 (61.3%) 67/106 (63.2%) | 52/106 (49.1%)

Total | 85/154 (55.2%) 114/154 (74.0%) | 72/154 (46.8%)

First, we examined the "easiness" for neurons in each visual area to guide Evolution on each
image manifold. Taking the analogy of artist and patron further, if the taste of the patron and the
style (generative ability) of the artist are matched, it’s easy for the patron to nudge the artist to

update their painting and produce a pleasing outcome, and vice versa.

We used the success rate of Evolution to quantify this notion. We quantified the success of
an Evolution thread by comparing the neural activations (mean firing rate in 50-200ms) in the
first two blocks and the two neighboring blocks with the maximum activation, using a t-test
(Table VI-1). Using this criterion (p < 0.01), the overall success rate of BigGAN Evolutions
(55.2%, 5-95% confidence interval [48.6%,61.6%], same below) was lower than that of
DeePSim Evolution (74.0%, CI [67.8%,79.3]). Although, with a more liberal success criterion
(p < 0.05), the overall success rates in the two spaces were comparable: DeePSim, 75.3%, CI

[69.1%,80.5%)] vs BigGAN, 67.5%, CI [61.0%,73.3%)]. (Table VI-2)
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When we broke down the experiments by the cortical area of the driver unit, we saw
BigGAN and DeePSim display strikingly different patterns of success along the ventral stream
(Table VI-1). We found that, for BigGAN, the success rate was increasing from nonexistent in
V1 (0/10), to about half in V4 (20/38), to around 61% in IT (65/106). In contrast, the success
rate was near 100% for DeePSim in V1 and V4 cortices (10/10 and 37/38), while it was much
lower in the IT cortex (67/106). So, for the DeePSim generator, the success rate is generally
decreasing along the ventral hierarchy (Figure VI-3 A). Comparing the two GANSs, there was a
clear gap between the success rates of DeePSim and BigGAN in both V1 and V4, while their
success rates were comparable in pIT. Further, for pIT experiments, the successes of Evolution in
the two spaces were not independent (per chi-square contingency test, x2dos=1= 18.55,p =
1.7x10-5). Namely, if Evolution in one space (e.g. DeePSim) succeeded, the Evolution in the
other space (BigGAN) was also more likely to succeed, suggesting some common properties of

the IT neurons affected the optimization success in both spaces.

We noted that, due to fluctuation in neuronal response, adaptation, or instability of
optimization, the firing rate of the neuron could reach a maximal value and then drop before the
end of the session. So we also quantified the success of Evolution with a more stringent criterion,
where the t-test was done between the evoked activations of the first two blocks and those of the
last two complete blocks. This results in an overall lower success rate, but the trend across areas

and generative spaces are qualitatively similar (Table VI-3)).

These results showed that neurons (esp. in V4 and IT) could guide image generators to
synthesize highly activating stimuli both in the DeePSim and the BigGAN space. The success of

the Evolution experiments implied that these neurons exhibit gradual tuning on both image
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manifolds, such that the evolutionary optimizer could climb their slopes. Moreover, going up the
hierarchy, it becomes gradually easier to guide image synthesis in BigGAN space, but gradually
harder to guide image synthesis in DeePSim space, consistent with prior results (Rose, Johnson,
Wang and Carlos R. Ponce, 2021). The difference in success rate across visual hierarchy
suggested that there is a sense of "alignment" between the neuronal tuning ("patron") and the
generative network ("artist"): the pattern-based parametrization of DeePSim is more aligned with
the neuronal tuning in V1 and V4, while the object-based image parametrization of BigGAN is

becoming more and more aligned with the tuning from V1 to IT.

V1.2 4 Activation gap of optimized images differs across areas
A natural following question is, which artist wins the favor of neurons? To answer it we

analyzed the evoked firing rate of BigGAN and DeePSim images before and after optimization.
To take more experiments into account and get more statistical power, we used a more liberal
success criterion (max > init p < 0.05) in the following analysis. Though, the results didn’t

change with more stringent criteria.

We found that before optimization, in the first generation, the BigGAN images generally
evoked a higher firing rate across all three visual areas (BigGAN > DeePSim, paired t-test, to =
-3.491,p=6.8 x 103 for V1, t37=-4.399,p = 8.9 x 10->for V4, t10s=-9.286,p = 2.4 x 1015
for IT, all 154 valid experiments included). Potentially, this is due to the initial block of BigGAN
images already contained color and objects in contrast to the colorless textures for initial
DeePSim images (Figure VI-3 C). However, after optimization, the results were different. For
experiments where at least one thread succeeded, DeePSim images evoked higher activations for
V1 and V4 neurons (t9=4.651,p = 1.2 x 10-3for V1, and t36= 5.985,p = 7.3 x 10-7 for V4); but

for IT neurons, BigGAN images generally evoked a similar level of activation (tss=-1.41,p =
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0.16,N.S.) (We noted that, in monkey A, the optimized BigGAN images evoked a slightly higher
activation for IT neurons (t47 = -2.32,p = 0.025), and in monkey B, they are compatible t37 =
0.70,p = 0.49) (Figure VI-3 D). One confounding factor for the results is that the success rate
differed for BigGAN and DeePSim. To control for this, we considered the Evolution experiments
where both threads succeeded (N=87). In this case, for V4 neurons, the optimized activation for
DeePSim space was still higher than BigGAN (DeePSim mean+sem 0.898+0.028, BigGAN
0.784+0.020, t23=3.707p = 1.2x10-3); for IT neurons, the optimized activation of two spaces
was comparable (DeePSim, 0.821 + 0.018, BigGAN 0.820 * 0.021, teo= 0.06,p = 0.95). This
trend along the visual hierarchy is worth noting. Similar to the previous results on success rate,

the optimization gap between DeePSim and BigGAN is closed in the IT cortex.
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Figure VI-3 Success Rate and Activation of Evolution in DeePSim and BigGAN in vivo and
in silico. A. Success rate of Evolution in two spaces across the visual areas, V1, V4, and IT,
with criterion max > initial activation p < 0.01. B. Contingency table of Evolution success in
DeePSim and BigGAN, the successes in both spaces were not independent per chi-square test.
C. Mean activation before (top) and after optimization (bottom), the activations are normalized
by the maximum block mean activation across blocks and threads. D. The max normalized
activation of the last block in DeePSim and BigGAN space for in silico experiments on
resnet50-robust. E. Averaged peri-stimuli time histogram of units in V1, V4 and IT before (top)
and after (bottom) optimization. F. Activation increase attributed to different 10ms time bins
throughout the time course.

To examine this trend in the computational models, we conducted similar parallel evolution
experiments on units from in silico models of visual hierarchy, Convolutional Neural Networks

(CNN). Specifically, for each CNN model, we selected the unit on the center of the feature map

as our model of the driver neuron and applied the paired Evolution experiment to it, with 10
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repetitions in each generative model. (See Supplementary Information for details of in silico
paired Evolution.) Surprisingly, we found that, after Evolution, the optimized images in DeePSim
space almost always achieved a higher activation than those in the BigGAN for units throughout
the hierarchy (Figure VI-3 D, DeePSim > BigGAN, paired t-test, tag9 > 24.7,p < 4.7 x 1089 for
all layers). Similar to the ventral stream, we also observed that this gap of activation between
DeePSim and BigGAN depended on the depth of the unit in the hierarchy, where deeper units
had a smaller gap. In ResNet50-robust, for units in the final object classification layer (fc) and
the penultimate layer (block4B2), the gap between the two spaces was smaller than the gap for
earlier layers (Figure VI-3 D, two sample t-test, DeePSim - BigGAN gap in block1,2,3,4 > gap

in fc, togg> 16,p <5 x 10-55, for all earlier blocks).

As a side note, the gap of activation between the two spaces partially depended on the
Evolutionary or gradient-based optimizer we used, especially for the BigGAN generative model.
We tested more variants of optimizers for in silico experiments. We found that the optimizers
leveraging the anisotropic geometry of the GAN image manifold (HessCMA, HessAdam) will
achieve a higher activation, consistent with the result in (Wang and Ponce, 2020). But still, even
when equipped with a better optimizer, BigGAN images were hard to be optimized to a level on
par or exceeding the activation of the DeePSim images. (See Supplementary Information for

results on gradient-based and Hessian-informed optimization.)

In summary, in V4, even when Evolution succeeded in both spaces, optimization in DeePSim
space still obtained a higher activation than BigGAN, despite the fact that it started from a lower
activation. We interpreted this as additional evidence that the V4 tuning is more aligned with the

pattern-based image parametrization and that the tuning peaks of the V4 neuron locate closer to
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the DeePSim manifold than the object manifold. However, in IT, the optimization in the two
spaces converged to comparable values, showing an increasing alignment to BigGAN manifold
than V4. Comparing the biological ventral stream to current computational visual hierarchies, IT
neurons also demonstrate a stronger alignment to the BigGAN image manifold. This highlights a
knowledge gap in our current model of ventral stream processing, why the units in CNNs are
more aligned with the pattern-based generator? To understand this, we dived into one feature that

biological neurons have but CNN units lack, which is temporal dynamics.

VI.2.5 BigGAN Evolution evoked and recruited later neuronal response
Visual neurons exhibit dynamic responses to static visual input, and in classic literature, it

has been shown that the firing rate responses at different delays encode different visual features
(Celebrini et al., 1993; Ringach, Hawken and Shapley, 1997; Lamme, Rodriguez-Rodriguez and
Spekreijse, 1999; Sugase ef al., 1999; Lamme and Roelfsema, 2000; Brincat and Connor, 2006).
These observations have been analyzed and understood under the framework of recurrent neural
processing. As the recurrent processing kicks in, the response changes from broader to sharper
tuning, from spatially local to contextual, from coarse to fine-grained information about the
stimuli, and from linear additive tuning to multiple parts to nonlinear conjunctive tuning to

multiple parts.

In order to understand how the "object preference" of neurons changes through time, we
analyzed the dynamical response i.e. the PSTH throughout the Evolution (example in Figure
VI-2 D). Note that, in this data format, we have two senses of dynamics, one is the dynamical
neuronal response to images (with the unit of time (ms)), and the other one is the change of
neuronal response through the course of image optimization (with the unit of blocks). So how

does the dynamical neuronal response interact with the optimization dynamics?

244



By design, the optimization objective of the experiment is to maximize the overall firing rate
in the [50,200]ms time window, but which part within the 50-200ms time window is recruited to
increase the overall firing rate is subject to the "preference" of the neuron and the generative
space. Given an elevated firing rate, which part of the dynamic response contributed to the
increased firing rate? For all successful evolution p < 0.01, we computed the firing rate increase
in each 10 ms time bin as a fraction of the total increase of mean firing rate (0-200ms) (Figure
VI-3 G). We found that in IT, the activation increase in BigGAN can be attributed more to later
periods, [100,110] ms (DeePSim > BigGAN, two-sample t-test, same below, t130=-2.129,p =
0.035) and [120,130] ms (t130=-2.967,p = 0.0036) and less to initial periods, [50,60] ms (t130
=2.144,p = 0.034) and [60,70] ms (t130=2.574,p = 0.011). This showed that successful

Evolution in BigGAN recruited a later portion of neuronal response.

From another perspective, we computed the firing rate in different 25ms time windows
during the neuronal responses, and tracked that throughout the blocks, which we called a time-
specific optimization trajectory. We found that, for V4 neurons, the response to the DeePSim
image surpassed that of the BigGAN images in all the 25ms time windows of the PSTH (Figure
VI-4 E, upper). However, for IT neurons, in the initial time windows ([50,75]ms, [75,100]ms),
the optimization in DeePSim space increased the firing rate more than that in the BigGAN; but in
later time windows (starting 100ms) BigGAN images started higher and stayed over DeePSim
images, and didn’t get surpassed during optimization (Figure VI-4E, lower). This showed that,
for V4 neurons, throughout the course of responses, DeePSim were generally easier to optimize
than BigGAN. However, for IT neurons, the earlier more transient responses were more attuned
to DeePSim and optimized it better, while the later responses were more attuned to BigGAN and

preferred BigGAN than DeePSim throughout optimization process.
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This observation is consistent with the prior research on the dynamics of visual tuning. As
the earlier response have linear additive tuning to various features (e.g. geometric parts for V4 in
(Brincat and Connor, 2006; Yau ef al., 2012)), DeePSim generator can easily synthesize these
features to activate the early part of tuning. However, if the configuration of these features are
not optimal, they may not activate the later nonlinear tuning. In contrast, the BigGAN synthesize
more coherent combinations of features embedded in objects, which may not be as easy to

optimize for earlier responses, but it could suits the preference of later nonlinear tuning better.
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VI.2.6 Optimization dynamics of BigGAN and DeePSim evolutions
suggesting their differential alignment with visual cortices
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Figure VI-4 Compare Activation During Evolution in DeePSim and BigGAN in vivo and
in silico. A. Average score trajectories during Evolution for the two GANSs in three areas. B.
Win rate of DeePSim and BigGAN through blocks. Win-rate of BigGAN is quantified by the
fraction of sessions where responses to BigGAN images were significantly higher than those to
DeePSim images. This fraction is plotted as a function of block for the three areas. C. Averaged
optimization trajectory for units in ResNet50-robust, throughout the layers, the activation of
each unit is normalized by the max activation ever achieved for that unit. D. Win rate of
BigGAN for ResNet50robust units. The thin black trace is the averaged win rate for each unit
across 10 repetitions, the red curve is the average win rate curve for each layer averaged across
all the units. The relation of D to C is similar to the relation of B to A. E. The evolution
trajectory of V4 and IT neurons with firing rates in different 25ms time windows. For IT
neurons, in the earlier time windows, the DeePSim evolutions prevailed and surpassed BigGAN
throughout the blocks. However, in the later time windows, BigGAN surpassed DeePSim
throughout the Evolution of IT neurons.

The Evolution experiment is an optimization process of neuronal activation. So how does
neuronal activation change through Evolution? We call this optimization dynamics of neural
activation. By climbing the peaks, the optimization dynamics carry information about the

underlying tuning landscapes. Intuitively, if the preferred motif is prevalent on the generative
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image manifold, the Evolution will converge faster to it; if not, it will take longer to synthesize it

from scratch.

We visualized the averaged max normalized optimization trajectory across the three areas
(Figure VI-4 A, details see methods). For the IT cortex, the activation evoked by BigGAN
images stayed on top of the DeePSim for a longer number of blocks. But for V1 and V4, it’s
surpassed by V1 and V4 after a few blocks. We can see the "win rate" of BigGAN stays around

40%.

We also quantified the time constant of the successful Evolution trajectory by the number of
generations that reaches 0.632 fraction of activation increase (see Methods). The generation
required to search for optimal images in DeePSim space increased along visual hierarchy (IT >
V4 22.134 £ 7.827 (N = 67) versus 14.324 + 8.759 (N = 37), t102=-4.668,p =9.3x1076, IT >
V110.100£9.712(N = 10), t7s = -4.395,p = 3.6x 10->), consistent with the previous findings
(Rose, Johnson, Wang and Carlos R. Ponce, 2021; Wang and Carlos R. Ponce, 2022d). Further,
comparing the two generative image spaces, for IT neurons, optimization in the BigGAN space
converged faster than in the DeePSim space (DeePSim > BigGAN 22.250 £ 8.169 vs 17.673 =

8.222 (N =52), ts1=3.358,p = 1.5 x 10-3). (Figure VI-4 A)

We repeated the same analysis on the in silico experiments. We found the same result that for
deeper units in the CNN, the activation of BigGAN thread would stay higher than DeePSim for a

longer period (Figure VI-4C,D).

This difference in dynamics also suggests an increasing alignment to the object image

manifolds (BigGAN) in the IT cortex than the V4 cortex.
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VI1.2.7 Effect of Evolution on the “objectness” of generated images
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Figure VI-5 Effect of Evolution on the "objectness" of image. A. Examples for objectness
quantification pipeline. Object detection and their bounding boxes from YOLO were shown on
sample images from ImageNet validation set, BigGAN and DeePSim. Multiple or no
bounding box might be proposed, and the max confidence is used for quantification. B. The
distribution of objectness score for image spaces. Left, bar plot, the detection rate; Right,
violin plot showing the distribution of (non-zero) objectness score among 50000 images. C.
Image samples from concurrent Evolution experiments with the highest and lowest (non-zero)
objectness score and their detection(s). The samples with the highest objectness score indeed
create visual impressions of the detected objects. D. Evolution of mean objectness score of
images sampled from each block, experiments where Evolution succeeded in both spaces were
included p < 0.05. E. Objectness distribution of generated images from the first 5 blocks vs the
last 5 blocks (violin plot), median showed in white dot, quartile range showed in thick black
lines. The baseline objectness distributions for the corresponding GAN are showed in
horizontal lines; the median showed in solid line, and the quartiles showed in dashed lines. F.
Evolution of objectness score for in silico experiments on ResNet50-robust, separated by the
layer of the unit (similar format to D). G. Distribution of objectness score as a function of the
layer of guiding unit, computed for image samples in the last five blocks of Evolution (similar
formats to E).

Just like the patron’s taste will influence the trend of art creation, the tuning and preference
of neurons will bias the image generation process. So how do the generated images change
across the Evolution process? Specifically, does neuron-guided image sampling make the images

more object-like or otherwise?
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The sense of object is deeply rooted in visual perception , thus by construction, it’s defined
by the perceptual system, i.e. human observer. To efficiently quantify the objectness of a large
set of images, we resorted to the computational surrogates, object detection systems in computer
vision as the observer and let them be our judge. The object detection networks (e.g. You only
look once, YOLO (Redmon et al., 2016; Wang, Bochkovskiy and Liao, 2023)) take each image
as input and output zero or any number of objects along with their bounding box, class label, and
confidence score (Figure VI-5 A). Casually speaking, the confidence score signals the estimated
likelihood of the predicted class of the object being in the bounding box. During supervised
training, it’s trained to predict the Intersection over Union (IoU) of the predicted bounding box
and the true bounding box. We took the maximal confidence value across all the detection boxes
in an image as our "objectness" score of the whole image; when no object was detected, we filled
the objectness score as 0. To give a sense of what kind of objectness these models were
measuring, we visualized the detection boxes for some natural and generated images per the
YOLOVS5 model (Figure VI-5 A). These models can detect persons, animals or objects from
ImageNet or generated images, although the class labels are not always correct, given that the 80
classes used for training YOLO are not identical to ImageNet 1000 classes. Further, for outdoor
naturalistic scenes or highly cluttered scenes (e.g. the geyser and grocery store generated from
BigGAN), no objects were detected, consistent with the contrast between scenes and objects.

(For details about this objectness measure and alternative methods, please refer to Method.)

As a baseline, we quantified the objectness of several reference image distributions (Figure
VI-5 B). We sampled 50,000 images from each distribution and sent them through the YOLO
model. As expected, for random pink noise patterns, no object was detected, resulting in an

objectness score of 0. As for DeePSim, when we sampled latent vectors from a Gaussian
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distribution z ~ N(0,41), the generated images have an objectness score of 0.220+0.001, with
object detected in 56.3% of the images. Images generated by Gaussian random latent vectors in
BigGAN have an objectness score of 0.618+0.001 with a detection rate of 83.3%. As for the
validation set of ImageNet 2012, objects were detected in 83.6% of the images, with an average
objectness score of 0.643+0.001. This validated our perception that random BigGAN images
usually have objects on the image, similar to that of ImageNet, and the YOLO system can detect
it with high confidence. This also showed that the images sampled from the DeePSim generative

model had a primitive sense of "objectness", though not as high as the BigGAN images.

Generative image models such as GAN are mappings between a latent space and the image
space. During the training of GAN, the latent vectors were sampled from a simple distribution
p(z), which mapped to a baseline image distribution p(G(z)). During Evolution, the latent
vectors were guided by neurons towards an updated distribution q(z), which should concentrate
more on the high activation domains of the neuron on the image manifold if the optimization
succeeded. Technically, this could be understood in the framework of energy-based models,
where the Evolution process approximates the Langevin dynamics guided by the energy
function. So how does the Evolution process shape the image distribution? Or equivalently, how

does the neuron allocate their high-activation domains on the two image manifolds (Figure

VI-1)?

The averaged trends of objectness evolution through the optimization process were shown in
Figure VI-5 D. Here, we included the experiments where both threads succeeded (max > init p <
0.05), and excluded V1 experiments due to the limited success of BigGAN. For evolution

trajectories that terminated too early, we extrapolated them by the same value as the last blocks.
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Surprisingly, the guidance from both V4 and IT neurons made the objectness of BigGAN images
decrease gradually, while V4 neurons induced a more substantial decrease. In contrast, the
guidance from both areas made the objectness of DeePSim images increase while IT neurons
induced a larger increase. Quantitatively, we compared the objectness score between images
from the first five blocks and the last five blocks in each Evolution experiment, using the original
distribution of the images generated from GAN as a baseline (Figure VI-5 E). We found that
neuron-guided sampling generally increased the objectness of images in DeePSim space: from
0.304 £ 0.003 to 0.315 * 0.003 for V4 neurons and from 0.279 + 0.002 to 0.331 + 0.002 for IT
neurons (two-sample t-test last five > initial five blocks, same below, t11542=-2.72,p = 6.6x10-3
for V4, t20722=-17.24,p = 3.7x10-%¢ for IT). Comparing the two areas, Evolution guided by IT
neurons generally resulted in higher objectness of DeePSim images in the last generations (IT >
V4 t17145 = 4.59,p = 4.5 x 10-9).

In contrast, the effect of Evolution on BigGAN images depended on the cortical area of the
driver neuron and the success of the Evolution. Intriguingly, if a neuron-guided Evolution
succeeded, the BigGAN images become less object-like. When it’s successfully guided by V4
neurons, the final objectness score dropped from 0.653 * 0.006 to 0.581+0.006 which was
lower than the reference BigGAN distribution (t5233= 8.11,p = 6.3x10-16). When the Evolution
was successfully guided by IT neurons, the objectness of BigGAN images slightly decreased
from 0.684 + 0.003 to 0.667 * 0.003 (t17055 = 3.66,p = 2.5x10-4), but it still remained higher
than the reference BigGAN image distribution (tss405=17.17,p = 6.8 x 10-66). Thus, successful
guidance from IT neurons resulted in a higher objectness of BigGAN images (IT > V4, t11304=
12.50,p = 1.3 x 10-3%) As a control, when the Evolution in BigGAN space didn’t succeed, the
objectness of BigGAN samples didn’t decrease but increased slightly instead: from 0.654 +

252



0.008 to 0.683 £ 0.007 for V4 (t3109=-2.80,p = 5.2 x 10-3), and 0.659 + 0.005 to 0.693

0.005 for IT (te179= ~4.79,p = 1.7 x 10-6).

In our landscape view, this suggests that the neurons in posterior IT have their tuning peaks
close to the high "objectness" manifold, and sampling guided by these neurons will result in
higher objectness images on both DeePSim and BigGAN image manifold; while the tuning peaks
of V4 neurons are more "abstract" and more distant from this high "objectness" manifold, and
guidance from it will lead the images further away from the object manifold of BigGAN and

nearer the pattern manifold of DeePSim.

We replicated this analysis on the in silico Evolution guided by units from convolutional
neural networks (CNNs) and we found a similar trend (Figure VI-5 F): in DeePSim space, the
Evolution generally increased the objectness of the samples; while in BigGAN space, it
decreased the objectness, with the effect size depending on the layer of the unit. Further, for
deeper units in the network, DeePSim images increased their objectness more and BigGAN
images decreases their objectness less (Figure VI-5 G). In summary, deeper units converged to
images with higher objectness in both DeePSim and BigGAN space. This showed that the
higher-level units in a computational visual hierarchy also have their tuning peaks closer to the
high-objectness image distribution, qualitatively similar to what we found for in vivo neurons in
the ventral hierarchy. For in silico experiments, we also examined the effect of Evolutionary

optimizer (esp. HessianCMA) on this result and found similar trends across the hierarchy.

VI1.2.8 Similarity of the Evolved images was predicted by the similarity

of optimized neuronal dynamics (PSTH)
Finally, we asked what kind of features did each artist create for the neuron? Do they agree

with each other? Directly, visualizing the images synthesized by the two image generators, we
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can see that similar motifs are embedded in them: in an example paired Evolutions driven by an
IT unit in monkey A, the curved vertical contour between the brown shape and the white
background in the DeePSim image (left) is visually similar to the contour between the curly neck
of the egret and the yellow-greenish background (right, Figure VI-2 D). More pairs of examples

can be found in Figure VI-6 A.

Since the stimuli sampled during Evolution experiments are highly variable, we used a
previously developed pipeline to find the image features that most correlated with the response of
the neurons and amplified them (Wang and Carlos R. Ponce, 2022d, 2022a). For each thread of
Evolution, we used all images and responses in it to fit a predictive model of neuron, and then
optimized image in silico to drive this model unit. We called the resulting image from in silico
optimization the feature exemplar. These re-evolved images emphasized the key features better
than the single max-response images, and the similarity between the two threads can be better

seen (Figure VI-6 B).

Unlike neuronal firing rate, the degree of similarity between images depends on a perceptual
system. So, the challenge is to quantify the sense and degree of similarity between images. For
example, image similarity in terms of local texture and color is very different from the similarity
in terms of object identity. Here, we used ResNet50-robust as our perceptual system, and used its
penultimate layer as the embedding space. We compared the prototype image similarity by the

cosine similarity of the image embedding c.mped-

We first asked, are the prototype images from the two threads driven by the same neuron
similar to each other? We found that for IT cortex, the answer is yes. Using the layer4 as

embedding module, the image embedding similarity between images from paired Evolution was
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higher than the embedding similarity of shuffled pairs from different driver unit when both or
one thread succeeded (paired vs shuffled 0.438 + 0.010 vs 0.407 4 0.007 paired t-test, tgo =
3.64,p = 5.8 X 107%%); the image similarity between the feature exemplars were even higher,
but the same results held (paired vs shuffled 0.546 + 0.010 vs 0.516 + 0.007 t;o = 3.74,p =
4.2 x 107%%). However, we didn’t find a significantly higher similarity for paired successful
evolutions driven by V4 units (paired vs shuffled 0.435 + 0.016 vs 0.438 + 0.015 t,5 =
—0.28,p = 0.78, N.S.). This showed that, using the relatively high-level image similarity metric,
successful paired Evolution driven by IT neurons were guided towards to similar patterns on a

high level. But for V4 neurons, the two threads were not guided to be similar on such high level.

Further, we observed that some pairs of Evolutions ended up with more similar prototypes in
the two spaces and some with less similar prototypes. How should we understand this
heterogeneity? We computed the mean PSTH corresponding to the max activation block in each
thread and compared these PSTHs (Figure VI-6 C). We found that the integrated difference
between the two normalized PSTH dpsry was a good predictor of the similarity of image
embeddings of the two space compeq- For paired Evolution experiments where both threads
succeeded, the Pearson correlation between them dpgry and Compeq 1S —0.447, (N = 87,p =
1.4 x 10™>) (Figure VI-6 F). We noticed that the distance between PSTH is a better predictor of
image dissimilarity than distance between scalar activation d,.;, which has Pearson correlation
with compea —0.215, (N = 87,p = 0.046). This showed that the specific time-course
differences between PSTH encode important information about the difference between the two

prototypes.
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Figure VI-6 Similarity of Evolved features in the two generative spaces conditioned on the
successfulness of Evolution. A. Selected evolved images from DeePSim and BigGAN, the image
empirically evoking the highest activation is selected. B. The feature exemplar by re-optimizing
the in silico model of the online Evolution. C. Comparison of mean PSTH for the image block
evoking the highest firing rate in DeePSim and BigGAN evolution. D. Image similarity of paired
DeePSim and BigGAN prototype is higher than that similarity of the shuffled pairs. E. Plot similar
to D applied to Evolution of in silico units from ResNet50-robust. F. The similarity of image
embedding is anticorrelated by the PSTH distance.

V1.3 Discussion
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In this paper, we presented evidence for an increasing alignment of neural tuning with the
BigGAN object image manifold than the DeePSim image manifold along the ventral stream. We
showed that the success rate of Evolution in DeePSim space decreased along the hierarchy, while
that of BigGAN increased along the hierarchy. When both threads succeeded, there was a gap of
activation between optimized images for V4 neurons (DeePSim surpassed BigGAN), while the
gap was closed for pIT neurons. Through the response time course, the initial response of pIT
neurons were more aligned with the pattern image manifold and during Evolution DeePSim
recruited more initial responses; in contrast, the later responses were more aligned with the
object image manifold, i.e. during Evolution, BigGAN recruited more later responses. Finally,
we found that while neuron guidance generally increased the objectness of DeePSim images and
decreased the objectness of BigGAN images; successful guidance from IT neurons led to higher
objectness score than V4 in both spaces. Further, guidance from IT neurons led to convergence

of features in a higher-level space.

Overall, our results paint a picture that different areas from the ventral hierarchy are aligned
differentially with different generative latent space. When the parameters that control the image
are properly aligned with the variables the neurons tuned to, then the tuning landscape will be
smoother, and easier for Evolutionary optimizer to operate. In V4, the easier hill climbing in the
DeePSim latent space versus the BigGAN latent space argues that the neurons’ tuning aligns
more with the abstract axes in the DeePSim space than the BigGAN space; while in pIT, the
alignment to two spaces seems comparable at least and may be more aligned to the BigGAN
space. Although we have just tried two different generative spaces, there are infinite numbers of
them. Maybe each visual cortex or each visual neuron is optimally aligned with a different image

generative model or image manifold, on which it would be easiest to optimize and control. It’s
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worth testing whether more anterior regions in the ventral stream will align even more with the
object-based image parametrization, and even less with the pattern-based image parametrization.
For these purposes having a continuous gradient of generative models parametrizing different
levels of image manifolds may be helpful, where we can smoothly traverse this axis. The
recently popular conditional diffusion generative models may be a good fit for this. As they are
promptable by natural language, changing the natural language prompt could condition it into

parametrizing different image manifolds.

V1.4 Methods

V14.1 General Experimental Setup

Experimental sessions were controlled using MonkeyLogic2, which directed the presentation
of visual stimuli on ViewPixx EEG monitors (ViewPixx Technologies). The refresh rate was 120
Hz at a resolution of 1920x1080 pixels. The monkeys were placed 58 cm from the screen. Gaze
position was tracked via ISCAN cameras (ISCAN Inc.). Animals fixated 0.25°-diameter circles
within a 2.0°-wide window during stimulus presentation; they obtained a reward if they held
their gaze on the target for 2-3 s. Rewards are delivered via DARIS Control Module System

(Crist Instruments).

V14.2 Animal Subject

Two male adult rhesus macaques (A and B, Macaca mulatta, ages 8-9, 10-11 kg) were
implanted with chronic floating microelectrode arrays (Microprobes for Life Sciences, MD) in
the right hemisphere: one array was located at the posterior lip of the lunate sulcus

(corresponding to the V1/V2 transition), one on the prelunate gyrus (V4) and another anterior to
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the inferior occipital sulcus (PIT). We refer to these sites as V1/V2, V4 and IT. The locations of

the arrays were chosen based on sulcal landmarks, around local vasculature.

VI14.3 Neuronal Recording

Neurophysiology data was acquired using OmniPlex Neural Recording Data Acquisition
Systems (Plexon Inc.), with the PlexControl client to sort electrical events online based on
waveform and inter-spike-intervals. Because all Evolution experiments were based on a closed
loop between neuronal activity and image synthesis, spike sorting was done at the beginning of
each experiment. Within each channel, events were estimated as arising from single-units, multi-
units, or "hash" using a 1-5 scale, where 1 indicated strong confidence on the presence of a
single-unit (based on waveform shape, inter-spike interval and separation from the main hash
signal) and 5 indicated hash/multiunit activity. We use the term site to refer to all signal types;
across experiments, sites comprised mostly multiunits/hash and a fraction of single units. After
data collection, spike/event times were discretized into 1-ms bins and convolved with a

symmetric Gaussian probability density function with a 2-ms standard deviation.

V144 Pretrained Image Generative Models
For BigGAN, we used the BigGAN-deep-256 version, implemented in pytorch-pretrained-

BigGAN. For DeePSim, we used the FC6 version, with a custom PyTorch implementation

translated from the original Caffe implementation.

V14.5 Developing Evolutionary algorithm
We used and adapted the evolutionary algorithms developed in (Wang and Ponce, 2020;

Wang and Carlos R. Ponce, 2022d). For the DeePSim GAN evolution, we used the Cholesky
CMAES algorithm and the HessianCMA algorithm. The Cholesky CMAES has the same

parameters as in the previous works (Rose, Johnson, Wang and Carlos R. Ponce, 2021; Wang
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and Carlos R. Ponce, 2022d): standard deviation was initialized as 3.0. For the HessianCMA
Optimizer, we pre-computed the 500 most informative dimensions (top eigenvectors) in the
latent space of the DeePSim GAN (Wang and Ponce, 2020), and only optimize in that linear
subspace, which is more sample efficient and yields comparable activation with the optimizer

operating in the full 4096D space.

For the BigGAN evolution, we used the Cholesky CMAES and HessianCMA algorithms
(Wang and Ponce, 2020) with the optimized parameters found on in silico experiments: the initial

standard deviation was 0.06.

V1.4.6 Neuron-guided image synthesis

We used the same experimental protocol for neuron-guided image synthesis as in (Wang and

Carlos R. Ponce, 2022d) (Section 1V.4.4, IV.4.6).

In each Paired Evolution session, we selected a neuronal site from the array, as our target site
(driver). We only selected driver units with well-defined receptive field and visual evoked
responses. We first determined the optimal location (image center and size) for the driver using
RF mapping experiments. Then we placed the stimuli at the optimal location and started the
Paired Evolution experiments. We have two image generators; each has a set of 30 initial images
as the starting point. For DeePSim generator these initial images are the Portilla and Simoncelli
textures inverted into the DeePSim space. For BigGAN generator, these are some images
generated from random vectors with low vector norm. The experiment started by presenting
these initial generated images for both generators and 10 reference images. Reference images
were selected if they were known to evoke high activity from the array site under study, per prior

experiments. After all images were presented once, the driver’s spike rate responses during 50-
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200 ms post image onset was averaged as the score of the corresponding image. The latent
vectors from each generator and their corresponding scores were provided to the Evolutionary
optimizer (e.g. CMA-ES, HessianCMA) tuned for this generator. Then, the optimizer proposed
the next batch of latent vectors for the corresponding generator. These vectors were rendered by
the generator to create new images. Finally, the new batch of images from both generators were
randomly interleaved into a sequence and presented to the monkey, starting the new block or
iteration. Each experiment comprised 10 to 60 blocks, and was stopped after the neuronal firing

rate converged or stopped increasing for both threads.

V1.4.7 Image Similarity Measure

Generally, image similarity is computed in a certain feature space, here we choose ResNet50-
robust as our image embedding model and computed the cosine similarity of embeddings as the

image similarity score.

VI14.8 PSTH Similarity Measure

To quantify the similarity or distance between PSTH, we used two measures, one integrated
the absolute area between the two PSTH curves (Eq. VI-1), we call it dp,gp, quantifying the
dynamical difference between PSTHs. The other distance d,.; computed the difference between
the averaged level of PSTH curve, effectively integrating the signed area between the PSTH

curves (Eq. VI-2). This distance disregards the temporal difference by averaging them out.

dpsth = ftlfDeePSim(t) — TBigGAN (t)ldt (VI-1)
dact = J, (fDeePSim (t) — Tigean (t)) dt (VI-2)
V1.4.9 Feature Attribution of Evolution

To find which features are important during the Evolution process, we used our methodology

developed previously (Wang and Carlos R. Ponce, 2022d, 2022a). Simply put, we distill the
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image and response pairs into a model, by finding all the correlated units in the model with the
given neuronal firing rate. Then optimize the model to find its max firing rate stimulus, this is
what we termed feature exemplar. For more details see Section IV.5.9 Correlated feature

attribution.

VL5 Appendix

Table VI-2 Success rate of Evolution experiments with alternative Success criterion: t-test
between the activations in the first two generations and two generations around the
maximum activation, init 2 < max 2, p <0.05.

BigGAN DeePSim Both
V1 | 2/10 (20.0%) 10/10 (100.0%) | 2/10 (20.0%)
V4 | 24/38 (63.2%) 37/38 (97.4%) 24/38 (63.2%)
IT | 78/106 (73.6%)  69/106 (65.1%) | 61/106 (57.5%)
Total | 104/154 (67.5%) 116/154 (75.3%) | 87/154 (56.5%)

Table VI-3 Success rate of Evolution experiments with alternative Success criterion: t-test
between the activations in the first two generations and last two generations init 2 < last 2, p
<0.01.

BigGAN DeePSim Both
V1| 0/10 (00.0%) 10/10 (100.0%) | 0/10 (00.0%)
V4| 15/38 (39.5%) 35/38 (92.1%) 14/38 (36.8%)
IT | 54/106 (50.9%) 59/106 (55.7%) | 41/106 (38.7%)
Total | 69/154 (44.8%) 104/154 (67.5%) | 55/154 (35.7%)
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Chapter VII : Discussion and Outlook

VII.1 Summary of the Thesis

In this thesis, we analyzed the structure of visual neural code of ventral stream neurons as a
function on the natural image manifold. We chose deep generative adversarial network as an
approximation of natural image manifold. First, we characterized the geometric structure of this
image manifold. By computing the Riemannian metric tensor of the manifold, we found that the
latent space of the generator is highly anisotropic, some directions induced large changes on the
images while some directions induced negligible changes. This anisotropy is aligned across the
space, thus there is a global anisotropy in the latent space. We further found that the directions
that induce large changes (top eigen dimensions) usually correspond to interpretable
transformations of images. Leveraging this anisotropic structure of the latent space we were able
to develop more efficient evolutionary algorithms to control neuronal responses. Further,
leveraging the spherical geometry, we benchmarked and developed a variant of CMA-ES

algorithm as the best optimizer to control neuronal responses.

Using these tools, we characterized the neuronal tuning landscapes on the highly expressive
4096d image manifold (DeePSim). We first searched for peaks on the tuning landscapes and then
characterized 2d tuning map sections around the peak. We found that neurons exhibit smooth
bell-shaped tuning around the peaks found by evolutionary optimizers. These peaks spanned a
larger dynamic range and a wider image domain than those tuning curves in classic image
spaces. We further found that along the visual hierarchy, the width of the tuning peak got
increasingly sharp; the number of optimization steps needed to find a peak also increased.

Further, earlier visual neurons can reach their tuning peaks in a random 50d subspace, while the
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higher visual neurons found it increasingly hard to reach high activation in a restricted subspace.
We inferred that there is an increase in intrinsic tuning dimensionality and decrease to tuning

width throughout the ventral stream.

We also compared how the tuning landscape differed on two image manifolds: the pattern-
based image generator (DeePSim) and the object-parametrizing image generator (BigGAN). We
found that throughout the ventral hierarchy it became increasingly easy to drive image
optimization on BigGAN image manifold but increasingly hard to do so on DeePSim image
manifold. Further, when optimization succeeded in both spaces, the optimized DeePSim images
reached higher activations than optimized BigGAN in V4; however both spaces reached
comparable activation in pIT. This highlights an increasing alignment of neural tuning with the
object-based manifold along the ventral stream. Further, we observed the dynamics of this
preference in IT neurons: optimization in BigGAN space tended to recruit later neuronal
responses. For the initial response, the DeePSim optimization can often win over BigGAN; while
the later response, it’s the opposite. This also showed that for IT neurons, through recurrent
computation, the neuronal tuning is becoming more aligned with the object-based image
manifold. In terms of image, neuron-guided sampling decreased the “objectness” of BigGAN
images while increasing “objectness” of DeePSim images during the evolutionary process.
Across the cortical regions, IT driven sampling resulted in a higher objectiveness of both
BigGAN and DeePSim images than those of V4. This highlighted that the tuning peaks of both
IT and V4 neurons were off the object image manifold, while those of IT neurons were closer to

it.
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VII.2 Generative Model and Vision, What’s Next?

Connecting our work to the literature in Chapter I, what are some open questions revealed by
the picture of tuning landscape? Here are some future directions that reader may consider as
follow ups.

VIL.2.1 Relating the Tuning Landscape to Natural Image Statistics

In this thesis, we have experimentally located many peaks of tuning functions for neurons in
V1, V4, pIT and units in Deep neural networks. So we can answer, where the tuning landscapes
allocate their peaks. But, why are the peaks (prototypes) where they are now? We can explain V1
receptive field (prototype) with efficient coding and natural images (Olshausen and Field, 1996).
A natural question for these units deeper in the visual system is, can we explain their peaks

positioning using natural image statistics and some other principle?

In two works from Connor lab (Yamane et al., 2008a; Carlson et al., 2011), they have
explicitly investigated the population statistics of the location of the tuning peaks (center of their
Gaussian subunit) in a feature space (e.g. orientation, curvature), with respect to the distribution
of these features in natural images. They found that for both 2d contours and three-dimensional
shapes, the peaks of their visual neurons were more biased towards the high curvature parts.
They found that this biased to high curvature features could be explained by a sparse coding

objective for the neural representation, similar to the idea of (Olshausen and Field, 1996).

It will be interesting for a computational and theoretical study to show how our
experimentally observed prototype could be related to the distribution of natural images, and

what are the underlying optimization principles governing their position.
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VIL.2.2 Dynamics and Stability of Tuning Landscape

Vision is dynamics, and this thesis has not done enough to analyze the dynamical part of
vision. We think it will be interesting to analyze the dynamics of tuning landscape both in short

timescales (100ms) and long timescales (days or months).

We provided compelling evidence that the peak of tuning landscapes (prototypes) can be
stable across 2-4 weeks: the prototype images from independent Evolution experiments contain
highly similar visual motifs. Even though the dynamic range of firing rate changed across this
period, the maximizer of firing rate stayed relatively stable. David Leopold lab has also provided
evidence for representation stability in primate IT cortex across days and weeks (Bondar ef al.,
2009). Recently, they also showed that the neuronal responses also subject to gradual plasticity
that decrease the late responses to familiar objects (Koyano et al., 2022). Comparing to the mice
posterior cortex where representation drift is a major theme (Rule, O’Leary and Harvey, 2019;
Driscoll, Duncker and Harvey, 2022; Masset, Qin and Zavatone-Veth, 2022; Qin et al., 2023),
the primate visual cortex seems relatively stable. It will be interesting to investigate the long-

term stability of the prototype and the tuning landscape more systematically.

Beyond natural condition, if features of certain prototype are relevant to tasks of the subject,
it will also be interesting to see how the landscape will change related to the task learning
process. It’s plausible that the landscape will change the slope around the critical feature, such

that the task could be easier solved with more discriminable features.

In a short timescale, the tuning landscape is also dynamic: starting with a broader tuning
lighting up the whole image manifold and then narrowing down to a more specific peak on the

manifold. It will be interesting to know what principles govern the dynamic of the peak.
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VIL.2.3 Tuning Landscapes and Cortical Maps

Visual neurons are packed in visual cortex, and many maps have been discovered in primary
visual cortex (V1). In the language of tuning landscape, cortical map can be regarded as the fact
that the peak of tuning landscape changed smoothly in a certain feature space when we traverse

the cortical surface (for example, orientation, spatial frequency space for V1).

So, for higher visual cortices, we have been able to extract these peaks from a population of
neurons across the cortical surface. It’s natural to ask if these peaks are organized as a cortical
map like V1. We have showed evidence in the IT cortex of one monkey, that these tuning maps
were more correlated for nearby electrodes (400um distance between channels) than farther
away electrodes (Figure IV-14). Recently, (Willeke et al., 2023) also provided evidence that in
primate V4, the maximal exciting images (i.e. prototype) for units recorded by the same of
penetration linear probe (40 um distance between channel) were more similar to each other. This
consistent evidence suggests that the neuronal tuning landscape might change smoothly along the

cortical surface in V4 and IT.

In future works, it will be interesting to visualize maximally activating images along the
cortical surface in higher resolution and discover what feature parameters underlie the change of
these tuning maps. The result shall reveal the organizing principle for higher visual cortex,
equivalent to orientation and spatial frequency for V1.

VIL.2.4 From Single Neuron Landscape to Population Representation

In this thesis, the tuning landscape view is developed for a single unit or functional column,

and most analyses done in Chapter IV, Chapter V, Chapter VI of the thesis were based on tuning

of a single neuron, i.e. scalar response to an image. Since neurons work in population to encode
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concepts, it’s a necessity to extend this view to a neuronal population and connect it with the

population views of the neural code.

In the popular framework to understand visual representati on, the representations are
regarded as vectors living in a neural representation space (Chung, Lee and Sompolinsky, 2018;
Cohen et al., 2020; Chung and Abbott, 2021). Then we can consider the separability or
decodability of categories in these representations. Though this geometric picture is nice and
could illuminate many aspects of visual representation, it occludes some other aspects. In this
vector space, each axis corresponds to the activation function of a neuron, which is, a tuning
landscape in our picture. The visual attributes corresponding to the peaks of the tuning landscape
are in some sense the meaning of the axis in the population neural space. Further, in our picture,
if the tuning landscapes of two neurons overlap, then there exist images that can activate them
both, if not then there will be none. In the population code picture, this translates to whether
there are points locating on the plane spanned by the two axes except for those points living on
the axes. So, these two pictures are dual to each other in some sense, and exploring their
relationship will be a worthy topic. Recently, the deep learning community is also becoming
interested in understanding the representation in neural networks as landscapes on image space
(Zavatone-Veth et al., 2023). Hopefully this confluence of interest will catalyze research in both

fields.

One experiment for this will be to use the evolutionary optimizer to control population
patterns similar to (Bashivan, Kar and DiCarlo, 2019). By driving the neural population vector in
different directions in the neural space, we may be able to see how much the tuning landscapes

of the neurons overlap each other.
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VIL.2.5 Visual Cortex as Inverse Generative Model
Computer graphics is the process of rendering 3d physical scene into 2d images, then in some

sense, visual system can be regarded as the process of inversing graphics engine. The visual
system took in the 2d retinal image and analyzed it to figure out the 3d scene that rendered into
it. More generally, visual systems may be regarded as an inverse generative model of image,

which took in the image and spoke out the latent variables that generate this image.

There are previous works (Yildirim et al., 2020) that have explicitly tested this idea for face
patches, showing that neural networks trained to inverse the generative model of faces are better
predictive models for the face patch neurons. We think this idea may not have been tested for
higher visual cortices more generally. It’s conceivable that different visual cortices are
estimating the latent variables for different generative models of image, which is consistent with
our findings in Chapter VI. For example, it’s possible that the mid-level visual areas are more
related to the latent space of DeePSim, while the high-level visual areas are more related to the

latent space of BigGAN.

VIIL.2.6 Alignment with Generative Model and Implications for Brain

Machine Interface
One step further, if some cortices are perfectly aligned with the latent space of a generative

model, then it should be simple to translate the neural representation to the latent, and then
visualize the content of the neural representation. Finding aligned representation between brain

and machine will boost the application of brain decoding and brain machine interface.

Many recent works have demonstrated the power of using brain representations and
advanced generative models to decode visual cortex. In this year, numerous works have

combined brain signal fMRI, with (latent) diffusion models to generate or decode the image from
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the brain (Chen et al., 2023; Lan et al., 2023; Lu et al., 2023; Ozcelik and VanRullen, 2023;
Scotti et al., 2023; Takagi and Nishimoto, 2023). This surge of interest at least showed that this
is a promising intersection. We think building and training generative models that are well

aligned with the cortical regions will be a promising path to brain decoding.

VIL.3 Future Technical Developments

Aside from the open scientific questions, there are some technical problems that may be
interesting to solve.
VIL3.1 Generalization to other generative image models

Generative adversarial network is not the only kind of generative model in the world. As we
reviewed in Section 1.4, Variational Autoencoder, Normalizing Flow and Diffusion are also
prominent choices as generative models for image. Recent years, due to the high image quality
and steerability, Diffusion generative models have been a popular topic in the generative
modelling community (Dhariwal and Nichol, 2021). It’s natural to think about the generalization
of the Evolution paradigm to diffusion models. So, what are the benefits? Similar to BigGAN,
the conditional generative model e.g. Stable Diffusion, can be easily prompted into sampling
from different conditional distributions (“Landscape drawing in the style of Van Gogh” vs “Cute
cat on a sunny day, Leica photograph”). But with natural language prompt, these models can be
controlled in a much more fine-grained fashion than BigGAN. This nice feature provides an
efficient way to test the alignment of neural tuning with different kinds of generative image
manifolds. Further, as tuning functions of neurons are differentially aligned with different image
manifolds (Chapter VI), one single generative model may not suit all visual areas. Most ideally,
each neuron should define the generative model of its own, where highly activating images are
sampled with higher probability. Thus, it may be interesting to let the neuron guide the discovery
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of proper conditional signal / prompts for a conditional image generative model, and per the
generalizability of this model, all the samples from this model are diverse but highly activating

images for the neuron.

In this sense, each neuron defines a distribution of its own, assigning high probability to
higher activation images and lower probability to lower activation images, similar to an energy-
based model (Du and Mordatch, 2019; Grathwohl et al., 2019). Then it will be ideal to fit this
distribution with some generative models and discover the trend of this distribution as a function
of cortical area.

VIIL.3.2 Methods to dissect features for Evolution experiments.

Evolution experiments result in a large sequence of image and response pairs. How to best
leverage this dataset to understand neuronal selectivity is still an open question. As we have
found in Figure VI-6, using only one exemplar image to represent the neuronal selectivity is
noisy and wasteful. It’s better to synthesize all observed responses and images into a model of
the neuron and then dissect the model to understand the neuron and population (as in (Yamane et
al., 2008a)). In this thesis and beyond (Wang and Carlos R. Ponce, 2022a), we have developed
ways of modelling neurons and dissecting features based on the model. It will be interesting and

useful to see better methods for building and fitting these models.
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