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Abstract

In recent years, most exciting inputs (MEIs) synthesized from encoding models of
neuronal activity have become an established method to study tuning properties
of biological and artificial visual systems. However, as we move up the visual
hierarchy, the complexity of neuronal computations increases. Consequently, it
becomes more challenging to model neuronal activity, requiring more complex
models. In this study, we introduce a new attention readout for a convolutional data-
driven core for neurons in macaque V4 that outperforms the state-of-the-art task-
driven ResNet model in predicting neuronal responses. However, as the predictive
network becomes deeper and more complex, synthesizing MEIs via straightforward
gradient ascent (GA) can struggle to produce qualitatively good results and overfit
to idiosyncrasies of a more complex model, potentially decreasing the MEI’s
model-to-brain transferability. To solve this problem, we propose a diffusion-based
method for generating MEIs via Energy Guidance (EGG). We show that for models
of macaque V4, EGG generates single neuron MEIs that generalize better across
architectures than the state-of-the-art GA while preserving the within-architectures
activation and requiring 4.7x less compute time. Furthermore, EGG diffusion
can be used to generate other neurally exciting images, like most exciting natural
images that are on par with a selection of highly activating natural images, or
image reconstructions that generalize better across architectures. Finally, EGG is
simple to implement, requires no retraining of the diffusion model, and can easily
be generalized to provide other characterizations of the visual system, such as
invariances. Thus EGG provides a general and flexible framework to study coding
properties of the visual system in the context of natural images

1 Introduction

From the early works of Hubel and Wiesel [1], visual neuroscience has used the preferred stimuli
of visual neurons to gain insight into the information processing in the brain. In recent years, deep
learning has made big strides in predicting neuronal responses [2H15]] enabling in silico stimulus
synthesis of non-parametric most exciting inputs (MEIs) [16-H18]]. MEIs are images that strongly
drive a selected neuron and can thus provide insights into its tuning properties. Up until now, they
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Figure 1: Schematic of the EGG diffusion method with a pre-trained diffusion model. Examples
of applications: Left: Most Exciting Inputs for different neurons, Middle: Most Exciting Natural
Inputs matched unit-wise to the MEIs. Right: Reconstructions in comparison to the ground truth
(top) and gradient descent optimized (bottom).

have been successfully used to find novel properties of neurons in various brain areas in mice and

macaques [16-23].

However, as we move up the visual hierarchy, such as monkey visual area V4 and IT, the increasing
non-linearity of neuronal responses with respect to the visual stimulus makes it more challenging to
@ obtain models with high predictive performance for single neurons, and @ optimize perceptually
plausible MEIs, that is, those not corrupted by adversarial high-frequency noise for example. Particu-
larly, area V4 is known to be influenced by attention effects [24]], and to be able to shift the location
of receptive fields [25]. When models become more complex or units are taken from deeper layers of
a network, existing MEI optimization methods based on gradient ascent (GA) can sometimes have
difficulties producing qualitatively good results [26]] and can overfit to the idiosyncrasies of more
complex models, potentially decreasing the MEI’s model-to-brain transferability. Typically, these
challenges are addressed by biasing MEIs towards the statistic of natural images, for instance by
gradient pre-conditioning [26].

Here, we make two contributions towards the above points: 0 ‘We introduce a new attention readout
for a convolutional data-driven core model for neurons in macaque V4 that outperforms the state-of-
the-art robust task-driven ResNet [23}27] model in predicting neuronal responses. @ To improve
the quality of MEI synthesis we introduce a novel method for optimizing MEIs via Energy Guided
Diffusion (EGG). EGG diffusion guides a pre-trained diffusion model with a learned neuronal
encoding model to generate MEIs with a bias towards natural image statistics. Our proposed EGG
method is simple to implement and, in contrast to similar approaches [28430], requires no retraining
of the diffusion model. We show that EGG diffusion not only yields MEIs that generalize better
across architectures and are thus expected to drive real neurons equally well or better than GA-based
METIs but also provides a significant (4.7x) speed up over the standard GA method enhancing its
utility for close-loop experiments such as inception loops [16] [23]]. Since optimizing MEIs
for thousands of neurons can take weeks [23]], such a speed-up directly decreases the energy footprint
of this technique. Moreover, we demonstrate that EGG diffusion straightforwardly generalizes to
provide other characterizations of the visual system that can be phrased as an inverse problem, such
as image reconstructions based on neuronal responses. The flexibility and generality of EGG thus
make it a powerful tool for investigating the neural mechanisms underlying visual processing.

2 Attention readout for macaque area V4

Background Deep network based encoding models have set new standards in predicting neuronal
responses to natural images [2H15]. Virtually all architectures of these encoding models consist
of at least two parts: a core and a readout. The core is usually implemented via a convolutional
network that extracts non-linear features ® () from the visual input and is shared across all neurons
to be predicted. It is usually trained through one of two paradigms: i) task-driven, where the core
is pre-trained on a different task like object recognition and then only readout is trained to
predict the neurons’ responses or ii) data-driven where the model is trained end-to-end to predict the
neurons’ responses. The readout is a collection of predictors that map the core’s features to responses
of individual neurons. With a few exceptions [33]], the readout components and its parameters are
neuron-specific and are therefore kept simple. Typically, the readout is implemented by a linear layer
with a rectifying non-linearity. Different readouts differ by the constraints they put on the linear layer
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to reduce the number of parameters [3} 4} [33H35]]. One key assumption all current readout designs
make is that the readout mechanism does not change with the stimulus. In particular, this means that
the location of the receptive field is fixed. While this assumption is reasonable for early visual areas
like V1, it is not necessarily true for higher or mid-level areas such as macaque V4, which are known
to be affected by attention effects and can even shift the location of the receptive fields [25]. This
motivated us to create a more flexible readout mechanism for V4.

State-of-the-art model: robust ResNet with Gaussian readout In this study, we compare our
data-driven model to a task-driven model [23]], which is also composed of a core and readout. The
core is a pre-trained robust ResNet50 [36,37]]. We use the layers up to layer 3 in the ResNet, providing
a 1,024 dimension feature space. Then batch normalization is applied [38]], followed by a ReLU
non-linearity. The Gaussian readout [|33]] learns the position of each neuron and extracts a feature
vector at this position. During training, the positions are sampled from a 2D Gaussian distribution
with means p,, and 3,,, during inference the p,, positions are used. Then the extracted features are
used in a linear non-linear model to predict neuronal responses.

Proposed model: Data-driven core with attention readout The predictive model is trained from
scratch to predict the neuronal responses in an end-to-end fashion. Following Lurz et al. [33]], the
architecture is comprised of two main components. First, the core, a four-layer CNN with 64 channels
per layer with an architecture identical to Lurz et al. [33]. Secondly, the attention readout, which
builds upon the attention mechanism [39} 40] as it is used in the popular transformer architecture
[41]]. After adding a fixed positional embedding to ®(x) and normalization through LayerNorm [42]
to get ®(x), key and value embeddings are extracted from the core representation. This is done by
position-wise linear projections V' € R¢*9 and U € R¢*% both of which have parameters shared
across all neurons. Then, for each neuron a learned query vector q,, € R% is compared with each
position’s key embedding using scaled dot-product attention [41]].

() W, qn
o, = softmax Z (@) We,dy Gn.di. "
c,dy \/@

The result is a spatially normalized attention map a;,, € R**®*1 that indicates the most important
feature locations for a neuron n for the input image. Using this attention map to compute a weighted
sum of the value embeddings gives us a single feature vector for each neuron. A final neuron-specific
affine projection with ELU non-linearity [43]] gives rise to the predicted spike rate 7, (Fig. 2JA). The
model training is performed by minimizing the Poisson loss using the same setup as described in
Willeke et al. [23]].

Training data We use the data from Willeke et al. [23]] and briefly summarize their data acquisition
in the supplementary materials section

Results Our attention readout on a CNN core significantly outperforms a state-of-the-art robust
ResNet with a Gaussian readout in predicting neuronal responses of macaque V4 cells on unseen
natural and model-derived images. We evaluate the model performance by the correlation between
the model’s prediction and the averages of actual neuron responses across multiple presentations of a
set of test images, as described by Willeke et al. [23]]. We compared this predictive performance to
a task-driven robust ResNet [37] on 1,244 individual neurons (Fig. 2B). The data-driven attention
readout significantly outperforms the task-driven ResNet with Gaussian readout by 12% (Wilcoxon
signed-rank test, p-value = 6.79 - 10~%2). In addition, we evaluated the new readout on how well it
predicts the real neuronal responses to 48 MEIs generated from the task-driven ResNet model [see[23]]
and 7 control natural images. Our data-driven CNN with the attention readout is better at predicting
real neuronal responses, even for MEIs of another architecture (Fig. [2IC). Please note that Willeke
et al. [23]] experimentally verified MEIs in only a subset of neurons and only used the neurons with
high functional consistency across different experimental sessions. For that reason, we too can only
compare the performance of model-derived MEIs on this subset of neurons.


https://doi.org/10.1101/2023.05.18.541176
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.05.18.541176; this version posted May 20, 2023. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

A B _ Correlation to average
8,0, N=1244neurons
O 0.8 /’
Neuron-specific Parameters .. S o
Positional Encoding 2 %
- Query Vector & . c 0. b
Query Attention Map ' ] T
Feature Projection = g e S
= X
Shared Parameters g . . X
N * ) o £ 0247 2 data—dr.lven
5" Key-Embedding Projection =D h4 /’ ----- task-driven
8
alue-Ei ing Projectis => © 00t —T— T — 71—
Value-Embedding Projection x;" O 000 025 050 0.75 1.00
v Task-driven ResNet (o)
C _Closed-loop predictive performance
) — 2 S, o Pearson correlation p
Y l ’ E ‘
fl Z s} -4
- 1  pand _/ < . e
i @ |;’> o Y -ro==>0 2 : 2
4 L <
E— Z2o24 e data-driven
E A task-driven
+ 0.0+
[al

T T T 1
0.00 0.25 0.50 0.75 1.00
Task-driven ResNet (p)

Figure 2: a) Schematic of the Attention Readout. b) Correlation to average scores for 1244 neurons.
The data-driven with attention readout (pink) model shows a significant (as per the Wilcoxon signed
rank test, p-value = 6.79 - 10~%2) increase in the mean correlation to average in comparison to the
task-driven ResNet (blue) model. ¢) Predictive performance comparison of the two models in a
closed-loop MEI evaluation setting. Showing that the data-driven with attention readout model better
predicts the in-vivo responses of the MEIs.

3 Energy guided diffusion (EGG)

3.1 Algorithm and methods

In this section, we describe our approach to extract tuning properties of neuronal encoding models
using a natural image prior as described by a diffusion model. In brief, we use previously established
links between diffusion and score-based models and the fact that many tuning properties can be
described as inverse problems (most exciting image, image reconstruction from neuronal activity, ...)
to combine an energy landscape defined by the neuronal encoding model with the energy landscape
defined by the diffusion model and synthesize images via energy minimization. We show that this
method leads to better generalization of MEIs and image reconstructions across architectures, faster
generation, and allows for generating natural-looking stimuli.

Background: diffusion models Recently, Denoising Diffusion Probabilistic Models (DDPMs)
have proved to be successful at generating high-quality images [28| 44-49]. These models can be
formalized as a variational autoencoder with a fixed encoder o — x that turns a clean sample xg
into a noisy one xr by repeated addition of Gaussian noise, and a learned decoder x — x¢ [28],
which is often described as inverting a diffusion process [44]]. After training, the sampling process is
initialized with a standard Normal sample &7 ~ A (0, I) which is iteratively “denoised” for 7" steps
until & is reached. In the encoding, each step ¢ corresponds to a particular noise level such that

xy = Vouwo + V1 — e ()

where @; controls the signal strength at time ¢ and g9 ~ N (0, I) is independent Gaussian noise. In
the decoding step, the diffusion model predicts the noise component £y(x;, t) at each step ¢ of the
diffusion process [28]]. Then the sampling is performed according to

T _L T ﬂs (x4, 1) ) + 0v2 3)
t_l_\/OTt t \/1—75%0 ts gt

where z ~ N (0, I).
Several previous works have established a link between diffusion models and energy-based mod-
els [50H52]. In particular, the diffusion model €4 (2, t) can be interpreted as a score function, i.e. the

gradient of a log-density or energy w.r.t. the data V, log p(x) [53]]. This link is particularly useful
since combining two density models via a product is equivalent to adding their score functions.


https://doi.org/10.1101/2023.05.18.541176
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.05.18.541176; this version posted May 20, 2023. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

EnerGy Guided Diffusion (EGG) DDPMs learn to approximate the score of the distribution
p(x;). The parameterization of diffusion models introduced by Ho et al. [28] only allows for the
unconditioned generation of samples. Dhariwal and Nichol [46] introduced a method for sampling
from a conditional distribution p;(x | y), with diffusion models using a classifier p;(y | ) known as
classifier guidance. However, this method requires 1) the classifier to be trained on the noisy images,
and ii) is limited to conditions for which classification makes sense. At the core, this method relies
on computing the score of the posterior distribution.

Vg, logp(x: | y) = Vg, logp(x:) + Va, logp(y | 1) “)

For classifier-guidance, the gradient of a model V5, log p(y | @) with respect to the noisy input
@ is combined with the diffusion model V, log p(«;), resulting in samples x conditioned on the
class y. Note that this requires a model V5, log p(y | ;) that has been trained on noisy samples of
the diffusion before. Here we extend this approach to i) use neuronal encoding models, such as the
ones described above, to guide the diffusion process and ii) to use a model trained on clean samples
only. We achieve i) by defining conditioning as a sum of energies. Specifically, we redefine equation
@) in terms of the output of the diffusion model e(x¢, t) and an arbitrary energy function E(x;, t):

é(:ct,t) :E((Et,t)—F)\tV;ctE(IBt,t) (5)

where ), is the energy scale. This takes advantage of the fact that sampling in DDPMs is functionally
equivalent to Langevin dynamics Sohl-Dickstein et al. [44]. Langevin dynamics generally define the
movement of particles in an energy field and in the special case when E(z) = — log p(z), Langevin
dynamics generates samples from p(z). For this study, we use a constant value of A and normalize
the gradient of the energy function to a magnitude of 1.

To achieve ii) we use an approximate clean sample &, i.e. the original image, that can be estimated
at each time step ¢. This is achieved by a simple trick, used in the code of Dhariwal and Nichol [46],
of inverting the forward diffusion process, with the assumption that the predicted ¢ (¢, t) is the true
noise:

(@, ) = \/1547(‘“ T aszs(@, b)), ©)
As a result, the energy function receives inputs that are in the domain of &y at much earlier time steps
t, and hence makes it feasible to use energy functions only defined on xy and not x;, dropping the
requirement to provide an energy F(x;, t) that can take noisy images. This is particularly relevant in
the domain of neural system identification, as encoding models are trained on neuronal responses to
natural “clean” images [2H16} [20} 23| 33]. To get an energy that can understand noisy images would
require showing the noisy images to the animals in experiments, which would make the use of this
method prohibitively more difficult. Therefore, a guidance method that does not require training
an additional model on noisy images allows researchers to apply EGG diffusion directly to existing
models trained on neuronal responses and extract tuning properties from them.

Related work Many other methods have been proposed to condition the samples of diffusion
processes on additional information. Ho and Salimans [48] provided a method that addressed
the second requirement of classifier-guidance by incorporating the condition y into the denoiser
eg(x¢,t,y). However, to introduce a conditioning domain y in this classifier-free guidance, the
whole diffusion model needs to be retrained. Furthermore, this link between diffusion models and
energy-based models allowed several previous works to compose diffusion models to generate outputs
that contain multiple desired aspects of a generated image [S0H52]. However, these studies focus
solely on generalizing the classifier-free guidance to allow guiding diffusion models with other
diffusion models. While we were working on this project, Feng et al. [54] published a preprint where
they used the score-based definition of diffusion models to introduce an image-based prior for inverse
problems where the posterior score function is available. This work is most closely related to our
approach. However, they focus on how to obtain samples and likelihoods from the true posterior. For
that reason, they need guiding models to be proper score functions. We do not need that constraint and
focus on guiding inverse problems defined by a more general energy function and focus particularly
on the application to neuronal encoding models.

Image preprocessing for neural models The neural models used in this study expect 100 x 100
images in grayscale. However, the output of the ImageNet pre-trained Ablated Diffusion Model
(ADM) [46] is a 256 x 256 RGB image. We, therefore, use an additional compatibility step that
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Figure 3: a) Examples of MEIs optimized using EGG diffusion and GA for macaque V4 ResNet and
ACNN models. b) Comparison of activations for different neurons between EGG diffusion and GA
on the Within and Cross Architecture validation paradigms. Line fits obtained via Huber regression
withe = 1.1.

performs 1) downsampling from 256 x 256 — 100 x 100 with bilinear interpolation and ii) takes
the mean across color channels providing the grayscale image. Each of these preprocessing steps is
differentiable and is thus used end-to-end when generating the image.

3.2 Experiments

Most exciting images We apply EGG diffusion to characterize = 250
properties of neurons in macaque area V4. For each of these ex- °
periments, we use the pre-trained ADM diffusion model trained 200+
on 256 x 256 ImageNet images from Dhariwal and Nichol [46]. 150
In each of our experiments, we consider two paradigms: 1) within
architecture, where we use two independently pre-trained ensem- 100 -

bles containing 5 models of the same architecture (task-driven | 46s =007
ResNet with Gaussian readout or data-driven with attention read-
out). We generate images on one and evaluate on the other.
2) cross architecture, two independently pre-trained ensembles EGG GA
containing 5 models of different architectures (ResNet and data-

driven with attention readout). We demonstrate EGG on three )

tasks 1) Most Exciting Input (MEI) generation, where the gener- Figure 4: Mean comparison of
ation method needs to generate an image that maximally excites the generation times between the
an individual neuron, 2) Most Exciting Natural Image (MENI) EGG and GA (errorbars denote
generation, where a natural-looking image is generated that maxi- standard error).

mizes individual neuron responses, and 3) reconstruction of the input image from predicted neuronal
responses. Running the experiments required a total of 7 GPU days. All computations were performed
on a single consumer-grade GPU: NVIDIA GeForce RTX 3090 or NVIDIA GeForce RTX 2080 Ti
depending on the availability.
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METIs have served as a powerful tool for visualizing features of a network, providing insights and
testable predictions [16-20, 22| 155]]. For the generation of MEIs, we selected 90 units at random
from a subset of all 1,244 for which both ResNet and Attention CNN achieve at least a correlation
of 0.5 to the average responses across repeated presentations. We compare our method to a vanilla
gradient ascent (GA) method [23]] which optimizes the pixels of an input image x to obtain the
maximal response of the selected neuron. For the GA method, we use Gaussian blur preconditioning
of the gradient. The stochastic gradient descent (SGD) optimizer was used with a learning rate of
10 and the image is optimized for 1,000 steps. We define EGG diffusion with the energy function
E(xo) = fi(Zo), where f; is the i-th neuron model and X, is the estimated clean sample. We
optimize MEISs for both the ResNet model and the data-driven model with attention readout. We set
the energy scale to A = 10 for the ResNet and A = 5 for the data-driven model with attention readout.
A was chosen via a grid search, for more details refer to Fig. [5B. The diffusion process was run for
100 respaced time steps for the task-driven model and 50 respaced time steps for the data-driven
model. For both EGG and GA, we set the norm of the 100 x 100 image to a fixed value of 25. For
each of the methods, we chose the best of 3 MEIs optimized from different seeds.

We show some examples of MEIs generated with EGG diffusion and GA for the two architectures in
figure 3]A. For more examples, refer to the supplementary materials figure [ST] We find that the EGG-
generated MEIs are significantly better (attention readout) or similarly (ResNet) activating within
architectures and are significantly better at generalizing across architectures (Fig. [3B). This can also
be observed by a significant increase in the mean activation across all units (Table[T). Perceptually,
EGG-generated MEIs of the attention readout model looked more complex and natural than the
GA-generated MEIs, and more similar to MEIs of the ResNet model trained on image classification.

Paradigm Within (ResNet) Cross (ResNet) Within (Attention) Cross (Attention)
Gradient Ascent 11.43 5.51 7.59 4.42
EGG Diffusion 11.76 6.53 10.56" 5.50

Table 1: Comparison of the average unit activations in response to MEIs in two paradigms 1)
within architectures and 2) cross architectures, for two architectures ResNet and Attention CNN.
Bold marks the method which has higher mean activation, and the T marks the increases which are
statisticall}; significant (Wilcoxon signed-rank test, respective p-values: 0.08, 2.87-1076, 2.84-10710,
4.39-107°).

Finally, EGG diffusion is almost 4.7-fold faster than GA, requiring only on average 46s per MEI in
comparison to the required 219s for the GA method (Fig. ) on a single NVIDIA GeForce RTX 3090
across 10 repetitions. This is a substantial gain, as Willeke et al. [23] required approximately 1.25
GPU years to optimize the MEIs presented in their study. With EGG, only approximately 0.25 GPU
years would be needed to produce the results of the study, while providing higher quality and higher
resolution MEIs. Thus, EGG can provide major savings in time and energy, and improve the quality
of MEIs.

Controlling the ‘“naturalness” to generate most exciting natural images Unlike GA, EGG can
also be used to synthesize more natural-looking stimuli by controlling the energy scale hyperparameter
A. Changing the value of )\ trades off the importance of the maximization property of the image
and its “naturalness”. To demonstrate this, we generated images for 150 neurons with the highest
correlations to the average for the task-driven ResNet model with Gaussian readout. We used energy
scales A € {1,2,5,10}, fixed the 1002 image norm to 50, and used 50 steps re-spaced from 1000.
Each image was generated using 3 different seeds and the best-performing image on the generator
model was selected.

We show examples of the generated images across different energy scales in figure[5JA for both the
task-driven ResNet with Gaussian readout and the data-driven with attention readout models. For
more examples, refer to the supplementary material (Fig. [S2] Fig. [S3). Qualitatively, it can be
observed that decreasing A increases the naturalness of the generated image while preserving the
features of the image that the neuron is tuned towards. We subsequently quantified the predicted
responses across different values of A\. We find that increasing )\ increases the predicted responses
(Fig. [5B), however, at higher \ values the responses begin to plateau, or even decrease. Therefore, for
generating MEIs with the ResNet model, we use A = 10 and A = 5 for the attention readout model.
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Figure 5: a) Examples of MENIs optimized using EGG diffusion in the macaque V4 for different
neurons and different energy scales A € {1,2,5,10}. b) Mean and standard error of the normalized
activations of neurons across different energy scales. ¢) Comparison of the MENIs activations to the
top-1 most activating ImageNet images per neuron in the cross-architecture domain. Line fit obtained
via Huber regression with € = 1.1. Three points at (11, 65), (9, 70), and (16, 120) are not shown for
visualization purposes.

Finally, we compare the generated MENIs (A = 1) to a standard approach for finding natural images
for individual neurons. To that end, we perform a search across 100k images from the ImageNet
dataset [56] to find the top-1 most activating image for a particular unit. We then compare the
predicted activations of the top-1 ImageNet image and the generated MENIs in the cross-architectures
paradigm (Fig. [5IC). We find that the generated MENISs drive comparable activation to the top-1
ImageNet images. Like in the MEI generation paradigm, EGG can thus significantly speed up the
search for activating natural images, as it does not need to search through millions of images.

Image reconstruction from unit responses Another application of EGG diffusion is image
reconstruction from neuronal responses. A similar task has been attempted with success using
diffusion models from human fMRI data [29, 30]. Given that only a small fraction of neurons
were recorded, the image is encoded in an under-complete, significantly lower-dimensional space.
Therefore, it is to be expected that the reconstructed image « will not necessarily be equal to the
ground truth image x,,. However, a better reconstruction * is one that generalizes across models.
Therefore, regardless of the model f used, we should get || f(z*) — f(x4:)||2 = 0. This is trivially
true for To = x4 but, given the complexity of the model, there are likely other solutions.

We can reconstruct images in the EGG framework by deﬁning the energy function as an L, distance
between the predicted responses to the ground truth image f(x4) and the predicted responses to
a generated image (Fig. |§|A) E(x) = ||f(x) — f(x4)||2. Note that, instead of f(x4), we could
also use recorded neuronal responses The images are generated from the ResNet model with A = 2
and 1000 timesteps, with the norm of the 100 x 100 image fixed to 60. We compare EGG to a GA
method that simply minimizes the L2 distance. The GA uses an AdamW optimizer with a learning
rate of 0.05. In GA, at each optimization step the image x; is Gaussian blurred and the norm is set to
60 before passing it to the neural encoding model. We optimize the GA reconstruction up to the point
where the train L, distance is matched between the GA and the EGG for a fair comparison of the
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Figure 6: a) Schematic of the reconstruction paradigm. The generated image is compared to the
ground truth image via L, distance in the unit activations space. b) Lo distances in the unit activations
space for the Within and Cross architecture domains comparing the EGG and GA generation methods.
Shows that the EGG method generalizes better than GA across architectures. c¢) examples of
reconstructions generated by EGG and GA in comparison to the ground truth (GT).

generalization capabilities. We verified that the GA images do not improve qualitatively with more
optimization steps (Fig. [S5) We find that when generating the reconstruction using EGG diffusion
we obtain 1) comparable within-architecture generalization and 2) much better cross-architecture
generalization (Fig. [(B). The EGG-generated images produce lower within architecture distances
for 84% of the images and for 98% in the cross-architecture case. We show examples of EGG
diffusion and GA reconstructions in Fig. [f[C. Qualitatively, the images optimized by EGG resemble
the ground truth image much more faithfully than the GA images. More examples are available in the
supplementary materials (Fig. [S4).

Limitations While EGG diffusion on average performs better than GA it does come with limitations.
Firstly, although the energy scale provides additional flexibility it is an additional hyperparameter
that needs to be selected to obtain the desired results. Furthermore, the parameter value does not
necessarily represent the same value same across energy functions. Secondly, the maximal number of
steps to generate the sample is constricted by the pre-trained diffusion model. Finally, we identified
that in 3 out of 90 cases, EGG diffusion failed to provide a satisfactory result with the ResNet model
(Fig. [7), where GA was able to generate an MEL

4 Discussion

In this study, we introduced a new attention readout for a data-
driven convolutional core model which provided the first data-
driven model that outperformed task-driven models in predicting
neurons in macaque V4. Furthermore, we propose a novel method
for synthesizing images based on guiding diffusion models via
energy functions (EGG). Our results indicate that EGG diffusion
produces most exciting inputs (MEIs) which generalize better
across architectures than the previous standard gradient ascent
(GA) method. In addition, EGG diffusion significantly reduces
compute time enabling larger-scale synthesis of visual stimuli.
Comparing EGG-based MEIs to the ones found by Willeke etal. )
[23]] using GA, we find that the preferred image feature is usually Flgurq 7 Exarpples of fallurg
preserved, but MEIs generated for the attention-readout model ~€ases in comparison to the gradi-
are more concentrated than their ResNet counterparts. This is ent ascent method. Text shows

not surprising, since the ResNet model was pre-trained on a large pr'ed_icted response rate by the
within-architecture validator.

EGG

GA
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database of natural images. EGG diffusion is not limited to the

generation of MEIs and, within the same framework, allows, among other characterizations, to 1)
generate most exciting natural images (MENIs) which drive neurons on par with the most activating
images in the ImageNet database, and 2) reconstruct images from unit responses, which generalize
better across architectures and qualitatively resemble more the original image than images obtained
via GA optimization. More generally, EGG can be used whenever the “constraint” on a particular
image can be phrased in terms of an energy function. Thus EGG diffusion provides a flexible and
powerful framework for studying coding properties of the visual system.
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A Supplementary Material

A.1 Training Data

Electrophysiological data were acquired as broadband signal (0.5Hz-16kHz), from a pair of male
rhesus macaque monkeys (Macaca mulatta), using 32 channel linear silicon probes (NeuroNexus
V1x32-Edge-10mm-60-177). The data was spike-sorted, and single units were isolated based on unit
stability, refractory periods, and channel principal component pairs. Visual stimuli were presented to
the animals on a 16:9 widescreen HD LCD monitor at 100¢m viewing distance. The animals were
rewarded with juice if they maintained their gaze around a red fixation target throughout each trial.
At the beginning of each recording session, the receptive fields (RFs) of the neurons were mapped
in relation to a fixation target using sparse random dot stimuli, and the population RF was pulled
towards the center of the screen by adjusting the fixation target. A collection of 24,075 images from
ImageNet [56] was transformed into gray-scale and cropped to the central 4202 px and had 8 bit
intensity resolution. These images were presented as visual stimuli during standalone generation
recordings of 1244 units and during closed-loop recordings of 82 units. For details on the closed loop
paradigm, please refer to Willeke et al. [23].
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Attention

Supplementary Figure S1: Examples of MEIs generated using EGG for the Attention readout and
ResNet with Gaussian readout.

15


https://doi.org/10.1101/2023.05.18.541176
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.05.18.541176; this version posted May 20, 2023. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

Supplementary Figure S2: Examples of images generated using EGG diffusion in the Monkey V4
with different energy scales A € {1,2,5,10}. Generated for the ResNet model. Units not matched
with the images shown for attention readout model.
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Supplementary Figure S3: Examples of images generated using EGG diffusion in the Monkey V4
with different energy scales A € {1,2,5,10}. Generated for the data-drive with attention readout
model. Units not matched with the images shown for ResNet model.
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GT

EGG

Supplementary Figure S4: Reconstruction examples from the ResNet with Gaussian readout model.
Generated using EGG diffusion and gradient descent.

400 800 1200 1600 2000

Supplementary Figure S5: Examples of reconstructions using GD across various training lengths.
Increasing the training does not bring the generated image closer visually to the GT nor EGG.
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