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A B S T R A C T

Elements of neural networks, both biological and artificial, can be described by their selectivity for specific
cognitive features. Understanding these features is important for understanding the inner workings of neural
networks. For a living system, such as a neuron, whose response to a stimulus is unknown and not
differentiable, the only way to reveal these features is through a feedback loop that exposes it to a large
set of different stimuli. The properties of these stimuli should be varied iteratively in order to maximize the
neuronal response. To utilize this feedback loop for a biological neural network, it is important to run it quickly
and efficiently in order to reach the stimuli that maximizes certain neurons’ activation with the least number
of iterations possible. Here we present a framework with an efficient design for such a loop. We successfully
tested it on an artificial spiking neural network (SNN), which is a model that simulates the asynchronous
spiking activity of neurons in the brain. Our optimization method for activation maximization is based on the
low-rank Tensor Train decomposition of the discrete activation function. The optimization space is the latent
parameter space of images generated by SN-GAN or VQ-VAE generative models. To our knowledge, this is the
first time that gradient-free activation maximization has been applied to SNNs. We track changes in the optimal
stimuli for artificial neurons during training and show that highly selective neurons can form already in the
early epochs of training and in the early layers of a convolutional spiking network. This formation of refined
optimal stimuli is associated with an increase in classification accuracy. Some neurons, especially in the deeper
layers, may gradually change the concepts they are selective for during learning, potentially explaining their
importance for model performance. The source code of our framework, MANGO (for Maximization of neuronal
Activation via Non-Gradient Optimization) is available on GitHub (https://github.com/iabs-neuro/mango)
1. Introduction

Brain neurons respond selectively to certain properties of stimuli.
For instance, neurons in the primary visual cortex are specialized on
simple properties of visible images, such as the direction of motion [1]
or color [2]. Meanwhile, neurons from higher level visual areas spe-
cialize in more complex stimuli, such as the presence of a face within
the visual field [3]. Identifying the specialization of biological neurons
involves varying the properties of a stimulus (e.g., the image presented
to the neuron) iteratively to find those that elicit the most intense re-
sponse [4,5] - these approaches are known as activation maximization
(AM). However, to effectively solve this problem in vivo, one needs to:

• Find an optimal stimulus in as few iterations and as accurately as
possible.

∗ Corresponding author.
E-mail address: pospelov.na14@physics.msu.ru (N. Pospelov).

• Investigate the stimulus space for multiple activation optima,
including local and global optima.

Significance of feedback loops in studies of intelligence can hardly
be overstated – these were extensively studied in the field of Cybernet-
ics [6] – both in biological and artificial systems, and can be argued
essential for a system to be intelligent. Feedback loops are at the
heart of many Reinforcement Learning (RL) [7,8] approaches: there
exist so-called reinforcement learning from human feedback (RLHF)
techniques. Present work can be seen in this light, only with a SNN as
an intelligent agent providing feedback. SNNs were chosen as a testbed
for the development of our framework to the point of it being fast and
efficient enough before any in vivo studies can be performed on living
organisms.
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This is especially important considering the ethical implications of
such studies in neuroscience [9,10]. The faster and better one can ob-
tain results, the less stress is imposed onto the studied animals, and the
fewer animals are needed. To address this challenge, it is necessary to
develop and incorporate new mathematical optimization methods into
experimental setups. This will allow to obtain the best approximations
of the global activation optimum with a minimal number of iterations,
meaning that the animal will be exposed to stimuli (such as images or
sounds) for a shorter period of time.

Nowadays, it is widely believed that the learning mechanisms of
deep neural networks are significantly different from those in the
brain [11,12]. Therefore, all direct comparisons between the two
should be made with caution. However, modern artificial neural net-
works, despite their diverse architectures and training methods, exhibit
imilar selectivity towards complex stimuli [13]. Interestingly, just
ike in the brain, ANN neurons can exhibit selectivity for multiple

stimuli [14].
Since ANNs are essentially computational graphs of functions pa-

ameterized by the weights of layers, and modern computational hard-
are such as GPUs and TPUs are capable of efficiently computing both

he value of the function at a point for inference and its derivatives
ith respect to parameters for backpropagation, it is relatively easy

o ‘‘dissect’’ ANNs [15] and analyze the ‘‘responsibility areas’’ of each
artificial neuron [16].

This makes ANNs ideal for applying activation maximization tech-
niques based on gradients computation (see, for example, [17] for a
review). Gradient-free approaches are also applicable to this problem,
such as those described in [18], where 15 different methods were
ompared for maximizing the response of a specific neuron in a deep

ANN using a pre-trained generative adversarial network (GAN) [19].
A comprehensive comparative analysis of various optimization tech-
niques, including those based on genetic and evolutionary optimization,
was conducted in [20]. An original approach, presented in the latter,
based on the Tensor Train decomposition (TT decomposition, Oseledets
[21]) was found to have significant advantages in terms of speed,
ccuracy, and stability (given the same number of iterations).

TT-decomposition allows one to represent a tensor (multidimen-
ional array) in a compact and descriptive low-parameter form. In
ddition to reducing memory consumption, TT-format makes it possible
o perform many algebraic operations on tensors: element-wise addition
nd multiplication, convolution and integration, solving systems of
inear equations, calculating statistical moments, etc. — with com-
lexity being linear in dimension. TT-format provides a wide range of
ethods for constructing surrogate models and effectively performing

inear-algebraic operations. Recently it was shown in [20,22,23] that
TT-format can also be successfully applied for black-box (gradient-free)
optimization, and the quality of solutions in many cases turns out to be
igher than of methods based on alternative gradient-free approaches
e.g. genetic/evolutionary algorithms). Since in the problem considered
n present work one does not have explicit access to the gradients
f neurons’ activation, we have chosen this promising tensor-based
radient-free approach as the basis of our method.

A more biologically realistic [24] (compared to classic ANNs) model
of living neural networks is the family of artificial spiking neural net-
works (SNNs) [25], the activity of which unfolds in time — in contrast
o conventional feedforward neural networks, which are mathemat-

ically just functions without any inherent temporal dynamics. SNNs
represent an important step towards bridging the gap between the inner
workings of artificial and biological neurons, as spike timing has been
shown to play a crucial role in brain functioning [26,27]. With this
biological relevance in mind, in present work we focus on the activa-
tion maximization of neurons in SNNs. Recently, the inner neuronal
representations of data in SNNs have been studied and compared to
those in ordinary artificial neural networks [28].

In our work we attempt to solve a related but different problem
— finding effective stimuli (MEIs for Most Exciting Images, termed
2 
in [29]) specifically for SNN neurons. We aim to do this efficiently,
with as few iterations as possible, and with a view towards future ap-
plications to biological neural networks. There have been recent efforts
o reveal what excites neurons in SNNs [30] — but, to the best of our

knowledge, these efforts have used optimization methods with explicit
access to gradients (or surrogate approximations thereof) of neurons’
activation functions. In present work we propose to specifically focus
on gradient-free activation maximization for revealing MEIs of SNN
neurons — to the best of our knowledge, this is being done for the
first time.

This work aims to contribute to the developing field of interpretable
AI and feature visualization [31–36], as well as potentially provide
useful tools for optimal stimulus search in biological experiments. By
doing so, it aims to help establish connections between natural and
artificial intelligence through a unified computational framework. Our
contributions in this paper can be summarized as follows:

• We propose a new activation maximization method based on the
low-rank Tensor Train decomposition.

• We compare it to existing optimizers in the Nevergrad library [37]
and show its good convergence to optimal stimuli and superior
performance. We apply our method to learning the MEIs of a
spiking ResNet convolutional neural network, which is, to the
best of our knowledge, the first time that gradient-free stimuli
optimization methods have been applied to SNNs.

• Furthermore, we studied the computed MEIs layer-wise through-
out the network training and correlated model performance with
the formation of highly selective neurons.

2. Background

2.1. Activation maximization in artificial and biological neural networks

Our goal in present work is to optimize the activation of a specific
neuron in an artificial (ANN) or spiking (SNN) neural network by
finding its most exciting input (MEI) stimulus. This problem lies at the
intersection of contemporary neuroscience and deep learning (DL). In
DL, well-known studies such as XDream [38] and Inception Loops [29],
as well as Nguyen et al. [35] — have demonstrated how generative
models can effectively map the latent space of stimuli (images) to per-
form activation maximization in ANNs. In neuroscience, recent research
has shown that it is possible to study the function of neurons in living
organisms by incorporating a generative model such as XDream into a
feedback loop that exposes a living subject (a mammal with a well-
developed visual system) to generated images. In [4], XDream was
used to identify the MEIs in the visual cortex of macaque monkeys.
In [5] further exploration found that MEIs do not necessarily encode
exact faces, but can also encode abstract objects (many of which look
face-like).

In present work, we aim to contribute to the rapidly developing field
of integrating deep learning techniques into neuroscience to address
the long-standing question of neural coding principles. We introduce
a novel approach that efficiently solves the activation maximization
problem, and does not require any information about the underlying
ystem’s structure.

With the activation intensity/frequency of a certain neuron viewed,
athematically, as a function of the input ‘‘fed’’ to the neural network,
hether it is a biological or artificial neuron, the MEI is defined as

MEI𝑖
def
= ar g max

𝑥∈𝑆
𝐴𝑖(𝑥) (1)

where 𝑆 denotes the stimulus space, 𝐴𝑖(𝑥) is the activation function
of 𝑖-th neuron in the system. In real-world applications, 𝐴𝑖(𝑥) is always
measured with noise which complicates MEI determination. In practice,
the MEI of a neuron is calculated iteratively. Additionally, due to con-
straints imposed by real-world experiments, we want to calculate MEI
𝑖
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as efficiently as possible using the least number of iterations possible.
his is essential to save time and maintain the focus of the animal being

studied in an in vivo experiment, and to save computational resources
n an in silico experiment.

When studying a biological system, such as an animal’s brain, we
do not have access to its internal structure and do not fully understand
how information about stimuli is transmitted to specific neurons. This
is informally known as a black box function optimization problem —
without explicit access to the gradient (derivatives) of the function.

Optimization methods in general can be roughly divided into:

1. Gradient-based methods, dating back to Newton and his method.
Algorithms of this class have evolved dramatically, with varia-
tions of Stochastic Gradient Descent (SGD) [39] powering the
training of millions of neural network-based machine learning
models around the world today.

2. Gradient-free methods that do not explicitly use information
about the system’s structure. There are several families of these
methods, including deterministic and stochastic ones. Evolution-
ary algorithms, which have gained particular attention in the
context of activation maximization in recent years [18,38,40],
fall into this category.

Gradient-free methods are naturally more appropriate for the prob-
lem of AM in real-world systems due to activation being a black-box-
like function. Of course, even if not explicitly accessible, the gradient
can be approximated by finite differences. However, if the function’s
andscape is very ‘‘wobbly’’ – quickly changing – the error of gradient
stimates will be effectively unbounded; and noise that is present in
easurements of function’s values will also contribute to the error of

radient estimates.
In the context of AM, quite recently such gradient-free methods

ave been explored [40], and extensively compared to each other [18]
 both in silico and in vivo, with Covariance Matrix Adaptation

CMA) [41] outperforming most in both settings.
In present work, we introduce (for the first time) another family of

gradient-free optimization algorithms for the problem of SNN’s neuron
ctivation maximization — ones based on low-rank tensor decomposi-

tions (Tensor Train, Oseledets [21]) of the optimized function. Some of
these methods are essentially grid search for a maximum in an array,
but a ‘‘smart" one, utilizing the low-rank tensor nature of the array,
thus achieving exponential speedup over straightforward search. Others
belong to the Monte-Carlo (MC) family of methods, which are less
prone to being stuck in local optima by stochastically ‘‘jumping’’ around
the array, not necessarily towards the optimum. See the corresponding
section of Methods for a self-contained introduction of these methods.

2.2. Spiking Neural Networks (SNNs)

From a mathematical perspective, ordinary ANNs are simply pa-
ameterized functions that transform input data to produce output —
uch ANNs are called feedforward. Of course, the field of contemporary
eep learning [42,43] is rich in further complications of this idea,

e.g. NN-based generative models can be said to be non-deterministic
functions, but for the purposes of this discussion we limit ourselves
to the basics. Unlike in ANNs, the activity of biological NNs unfolds
in time. Biological neurons are constantly accumulating signals from
neighbor neurons they share synaptic connections with, and, if the
total voltage amplitude of incoming signals (membrane potential, MP)
exceeds some threshold, the neuron ‘‘fires’’. That is — it emits what
is called a spike, a signal the form of which is very special (and
well-studied [44]) due to the bio-chemical dynamics that governs its
emission and transmisson. The spike then travels along the axon to
downstream neurons — to provoke them to spike in their turn. This
inherent temporal nature of biological NNs was omitted when the first
artificial models of neural networks, namely the 1943 neuron model of
 f

3 
McCulloch & Pitts [45], further developed and implemented in hard-
ware and termed Perceptron by Rosenblatt [46,47] in 1957–58, were
introduced. The invention of the error back-propagation algorithm [48]
in 1986 as a useful method for training such ANNs (e.g. to perform
classification tasks after learning on exemplar data) further cemented
the dominance of feedforward ANNs as machine models of intelligence.
It was Maass’s work [49] in 1997 that introduced networks of artificial
piking neurons as a model of biological NNs incorporating temporal
ynamics.

An artificial spiking neural network (SNN), just like a biological
one, is a dynamical system, with each neuron being a subsystem with
its own internal dynamics. Neurons are connected with each other,
forming layers with connections being directional. Over time, a neuron
is receiving signals from its sourcing neighbors. These signals are being
summed with weights designating the importance of connections —
to give the total value of ‘‘membrane potential’’. If this value exceeds
a certain threshold (one of the hyperparameters of this model), the
neuron ‘‘fires’’ — emits a spike into its output. For this to be effectively
modeled digitally, this dynamics is discretized: the time-dependence of
signal is encoded by an array of numbers (signal amplitudes). These
arrays are basically a discrete model of what is called spike trains (the
term used for signals in biological NNs as well). This discretization is
ot too far-fetched as a model of biological reality: spikes in biological

neurons are almost ‘‘binary’’.
Nowadays there are several software implementations of artificial

NNs, with at least two outstanding frameworks — snnTorch [50]
& SpikingJelly [51], allowing to do complete training and inference
procedures — these two were used in present work.

There are several important questions to answer when working with
an SNN. First, how is input data encoded for the SNN to process it? In
our work we ‘‘expose’’ an SNN to static images. For that there are at
least two approaches [50]:

1. simply repeating the image (unaltered) a certain number of
frames (kind of a static video)

2. showing the image on a certain number of frames, but altering
it with some sort of noise.

We have chosen the first approach for simplicity, so in our work the first
spiking layer was exposed to input image repeated for 20 to 100 frames.
The model we were working with is basically a spiking analogue of
ResNet [52], see Section 2.2 for further details.

The second basic question is: what exact model of a spiking neuron
does one use? The above description is very schematic, one needs to
specify a certain mechanistic model (an electric circuit, to be precise)
of the biological neuron, so that the dynamics of such a model accu-
rately approximates reality. For practical applications, Hodgkin–Huxley
model [53], while being most biologically and physically accurate, is
oo complicated to implement and work with. So a practical choice is

the one of so-called Leaky Integrate-and-Fire (LIF) neuron models, that
date back to Louis Lapicque’s 1907 work [54].

In LIF models, a spiking neuron is represented as an RC circuit
 instead of directly summing the incoming voltages, such a neuron

ntegrates input signal over time with leakage (due to 𝑅 for resistance
resent in the circuit). A LIF neuron abstracts away the shape and
rofile of the output spike: it is simply treated as a discrete event.
s a result, information is not stored within the spike, but rather the

iming (or frequency) of spikes. Discrete-time equations of the spiking
ynamics for such a neuron thus are:

𝑆[𝑡] = 𝛩(𝑈 [𝑡] − 𝑈thr) =
{

1, if 𝑈 [𝑡] > 𝑈thr

0, otherwise
(2)

with 𝑆[𝑡] being the signal (spike) intensity of a neuron at a discrete
oment of time 𝑡, 𝑈 [𝑡] being the MP. With 𝛩(𝑥) being Heaviside’s step

unction, a neuron discretely fires if its MP 𝑈 [𝑡] exceeds a threshold
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value. The RC-circuit nature of a LIF neuron is described by the
following (discretized) temporal dynamics equation on 𝑈 [𝑡]:

𝑈 [𝑡+ 1] = 𝛽 𝑈 [𝑡]
⏟⏟⏟

decay

+𝑊 𝑋[𝑡+ 1]
⏟⏞⏞⏞⏟⏞⏞⏞⏟

input

− 𝑆[𝑡]𝑈thr
⏟⏞⏟⏞⏟

reset

(3)

— at next moment of time, 𝑡 + 1, the MP is given by a linear
ombination (with learnable weights 𝑊 ) of inputs 𝑋[𝑡] from sourcing

neighbor neurons. There is also some decay (leakage) and a reset term.
ith 𝑈thr set to, say, 1, the only hyperparameter left to set is the decay

ate, 𝛽.
The third basic question is: how does one learn the weights of

neurons’ connections 𝑊 ? For that to be solvable with common machine
learning approaches, the total loss function of SNN’s activation on cer-
tain input data, 𝑊 (input), should be differentiable w.r.t. parameters
of the network, 𝑊 . The problem is that Heaviside’s theta-function in
q. (2) is not differentiable at zero, and has zero derivative elsewhere.
 traditional [50] way to overcome this is to smooth 𝛩, replacing 𝑆[𝑡]

with some surrogate, 𝑆̃[𝑡], which could be any sigmoidal function, typ-
ically logistic function or arctangent. With 𝑆̃ being a smooth function,
the NN’s weights can be updated with gradient optimization methods.

he choice of this surrogate function is another hyperparameter to be
et when defining an SNN.

In this work, we view artificial SNNs as biologically-realistic mod-
ls [24] of NNs of the brain. In a typical biological experiment, the

internal state parameters of each neuron in a biological neural network
re not completely observable — rather, the neuron’s activity, resulting
rom this state and the state of the environment, is measurable. This
ctivity is thus known as a ‘‘black box’’ function of response to the

stimuli the NN is exposed to: only its values at some points of the stim-
uli space are known, not the gradients. For this reason, we constrain
ourselves to consider this as a problem to be solved with gradient-
free optimization methods. This is in contrast with the problem of AM
for non-spiking ANNs, the activity of which is explicitly differentiable,
and hence gradient-based optimization methods are available. Present
work was heavily inspired, in particular, by Xiao and Kreiman [40] –
where, although ANNs in consideration are differentiable, exactly this
gradient-free paradigm is advocated. Such approach can be viewed as
 testing ground for future in vivo experiments, with the ANNs replaced
y biological NNs, the activity of which is not differentiable.

3. Methods

3.1. Tensor Train (TT) decomposition and TT-based optimization tech-
niques

As described above, our goal is to maximize the activation (spiking
frequency) of certain neurons in an SNN trained to classify CIFAR-10
images. So we are optimizing a black-box function, the domain of which
s the ∼102−3-dimensional latent space of image features (the latent
epresentations of images are available with a generative model). If
ne picks a certain region of this domain and discretizes it (in our
xperiments, the latent space of images was discretized into a 128-
imensional cube with 64 points on each side), this high-dimensional
ensor might be of quite low rank. The reasoning behind this is that
oth ANNs (by design) and biological NNs (due to restrictions of
he physical world) do not have exponential resources to encode all
he places of interest in this space. This hypothesis of low rank na-
ure of biological NNs’ activity is an open question, currently being
esearched [55,56]. Under such assumptions, optimization methods
hat are based on low-rank tensor decompositions might prove very
ffective.

One kind of such decompositions that turned into a whole fruitful
esearch field is the Tensor Train (TT) decomposition, introduced
n 2011 by Oseledets [21]. It allows to encode a low-rank high-

dimensional tensor in a compact and convenient format, only using
4 
a polynomial (in dimension of the tensor) number of variables, in-
stead of exponential required in general. The format resembles, if
depicted graphically as what is called a tensor network, linked train
cars, hence the name. In this format, tensors can be operated with:
added, multiplied, convoluted, etc — very effectively (in the amount
f operations and memory). All that provides a basis for applying
T-decomposition to solve various linear and nonlinear equations,
DEs, etc. Of many possible applications of TT-decomposition, other
han to optimization problems, one could especially note ‘‘tensorizing
Ns’’ [57,58] – effectively building a compact tensor approximation to

a nonlinear ANN. Apart from speeding up inference tasks, this seems
very related to the subject of present work: the whole landscape of
activation values of a certain neuron in a neural network could be
compressed and investigated in detail. If the conjecture of low rank
holds for activation functions of biological neurons, this would mean
that only a polynomial (in latent space dimension) number of ‘‘re-
quests’’ (expositions to stimuli) is needed to effectively approximate the
response of the biological NN. This seems to be a promising direction
of future research.

There are thus several new optimization algorithms based on the TT-
decomposition, where the discretized optimized function 𝑓 (𝑥) is better
nd better approximated 𝑓𝑇 𝑇 (𝑥) with a Tensor Train at each iteration of
omputing its values at different points. At the same time, the optimum
andidate (optimum of 𝑓𝑇 𝑇 (𝑥)) is quickly found exploiting the structure
f TT. This is the basic idea behind TTOpt optimization method [20].

Another related method is Optima-TT [59]. Also see [60,61] for an
overview of tensor approximation methods for optimization.

For our problem we have tried several TT-based optimization meth-
ds, and found PROTES [22] to be the most effective. PROTES stands

for ‘‘Probabilistic Optimization with Tensor Sampling’’ — it is a prob-
bilistic optimization method (see Fig. 2). The main idea is similar to

that of Simulated Annealing algorithms (see [62]) of the Monte-Carlo
amily. While gradient-based methods may be stuck in local optima,
uch methods have some probability of ‘‘jumping’’ out of these, if the
emperature (yet another hyperparameter) of the ‘‘optimum-seeking
articles’’ is high enough. The intuition behind PROTES is as follows:
iven a target function 𝑓 (𝐱) to minimize (maximization is done by
inimizing −𝑓 (𝐱)), apply the following monotonic transformation to it:

𝐹 [𝑓 ](𝑥) = 1
exp

(

(𝑓 (𝐱) − 𝑦min − 𝐸)∕𝑇
)

+ 1 . (4)

In physics this expression is known as Fermi-Dirac statistic. With
min being an exact or approximate minimum of 𝑓 , 𝑇 > 0 - the
‘temperature’’ parameter, and 𝐸 — some ‘‘energy’’ threshold. With
𝐹 being a CDF-like function, one can stably find the maximum of its
expectation: max𝜃 E𝜉𝜃𝐹 [𝑓 ](𝜉𝜃) where a family of random variables 𝜉𝜃
has a parametric distribution with density 𝑝𝜃(𝐱). Using the REINFORCE
trick [63], one can estimate the expectation gradient as

∇𝜃E𝜉𝜃𝐹 [𝑓 ](𝜉𝜃) ≈ 1
𝑀

𝑀
∑

𝑖=1
𝐹 [𝑓 ](𝐱𝑖)∇𝜃 log 𝑝𝜃(𝐱𝑖) (5)

with Monte-Carlo — {𝐱𝑖}𝑀1 being i.i.d. realizations of the r.v. 𝜉𝜃 . If one
anages to find optimal parameter values 𝜃 of 𝑝𝜃 , then 𝑝𝜃 is expected

to have a peak at the maximum of 𝐹 [𝑓 ]. At ‘‘low temperature’’ (small
values of 𝑇 ), only a few terms contribute to the sum (5) – namely, with
those 𝐱𝑖 for which 𝑓 (𝐱𝑖) −𝑦min < 𝐸 (‘‘low energy particles’’) – for those,
[𝑓 ] ≈ 1, while for others it is close to zero. Thus one keeps only a few

best values of the sample. With 𝑝𝜃 having a low-rank TT-representation,
the above procedure (sampling and finding top-n values of the array)
can be done quickly and effectively.

3.2. Generative modeling

The task of a generative model in the pipeline of our experiment is
to effectively ‘‘map’’ the space of stimuli, providing lower-dimensional
latent coordinates for the subspace of ‘‘natural’’ images in the huge
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Fig. 1. Overview of spiking neuron models .
Source: Image from snnTorch online tutorial [50].
space of all possible images of a given size. The models were trained
on CIFAR-10 [64] — a dataset of 60.000 color images of size 32 × 32
pixels, split into 10 classes (6.000 images per class): (0) airplane, (1)
automobile, (2) bird, (3) cat, (4) deer, (5) dog, (6) frog, (7) horse, (8)
ship, (9) truck — see Fig. B.16 in Appendix B for examples.

We have tried two types of generative models that are known to
perform well on this task:

1. Generative Adversarial Networks (GANs) [19], specifically their
spectral-normalized version (SN-GAN) [65]

2. Variational AutoEncoders (VAEs) [66], specifically their ‘‘dis-
cretized’’ (vector-quantized) version – VQ-VAEs [67]

We have found SN-GANs more suitable in our setting — see
Appendix B for a review on VQ-VAEs and comparison of both models
performance on our task. Thus in this section we only provide an
overview of GANs.

A Generative Adversarial Network (GAN) [19] is comprised of two
NNs, a generator 𝐺 and a discriminator 𝐷, playing a minimax game: 𝐺
has to learn a distribution close to that of natural examples (images),
fooling 𝐷 that they are realistic; 𝐷 has to discriminate images produced
by 𝐺 from real ones — by learning the probability distribution of the
latter (supported on the space of latent features of the images).

Due to the unstable nature of this minimax game 𝐺 and 𝐷 are
playing, original GANs do not perform exceptionally well on data such
as CIFAR-10, so quite soon after their introduction, many regularization
techniques were proposed. Quite popular one being the Spectral Nor-
malization (SN-GAN) [65] — with the layers’ weight matrices being
penalized so that their Lipschitz constant is bounded from above. This
simple yet elegant solution allowed the authors of SN-GAN reach then-
state-of-the-art results on CIFAR-10 in terms of metrics of inception
score [68] and Fréchet inception distance (FID) [69]. Subjectively, the
quality of images generated by an SN-GAN trained on CIFAR-10, is very
impressive.

After running several experiments, we have settled on using an SN-
GAN with the latent space of dimension 128, with each dimension
discretized into 64 parts.

3.3. SNN architectures

Before moving on to experiments with maximizing the neuronal
responses in vivo, it is necessary to fully prepare and test the pipeline
of such an experiment, where biological neurons are replaced by some
adequate in silico model. The most studied class of such models are
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artificial spiking neural networks (SNN). Among all the software im-
plementations of SNN, two most well-known and developed one were
chosen — SNNTorch [50] and SpikingJelly [51] frameworks.

What is special about spiking neural networks, both artificial and
living ones — is that the spikes are discrete in time. So it is not
immediately obvious how to backpropagate error through the output
of an artificial SNN, as noted in Section 2.2. In present work, we
use the solution introduced in [50], based on the so-called surrogate
gradient method, see Fig. 1. That is, local learning rules common in
SNN research were not applied, instead, we trained the network from
scratch using surrogate gradients to backpropagate through spiking
layers.

First, a simple convolutional NN based on SNNtorch framework was
implemented and trained to solve the problem of image classification
from the CIFAR-10 dataset (10 classes of color images of 32 × 32
pixels). Model architecture consisted of ‘‘ordinary’’ (feedforward, not
spiking) convolutional layers, as well as fully-connected layers. The
spiking nature of the model was achieved by projecting the input of or-
dinary layers to the Leaky Integrate-and-Fire neurons with a membrane
decay constant of 0.9. It should be noted that many possible approaches
to this so-called ANN-to-SNN (ANN2SNN) conversion exist [70,71], as
well as many interesting hybrid training [72,73] methods.

The resulting SNN was trained to achieve classification accuracy of
72% on the CIFAR-10 dataset. This number is lower than that of state-
of-the-art feedforward (not spiking) architectures, but we considered it
quite sufficient for our preliminary studies.

Next, to speed up inference and increase network depth, we in-
tegrated SpikingJelly [51] into our framework. We used a spiking
analogue of a celebrated ResNet18 model [52] for the main results
of present work, since this architecture provided an optimal trade-off
between depth and inference speed. Again, we used LIF neurons with
membrane decay constant equal to 0.9. The trained network achieved
86% accuracy on CIFAR10 dataset.

Single neuron activity was determined by the number of spikes that
it produced during ‘‘exposure’’ time (time was discretized into 𝑇 = 100
counts for our SNNtorch-based network and 𝑇 = 50 for SpikingJelly-
based one). To address the spiking nature of the network, each image
fed as the input to the model was copied 𝑇 times along a separate tensor
dimension. For each training epoch, we scanned neural activity from all
spiking layers of the model (19 layers in total). Activity was averaged
over all feature channels and normalized to the range [0,1].

https://snntorch.readthedocs.io/en/latest/tutorials/index.html
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Fig. 2. Schematic of the PROTES method.
3.4. Optimization algorithms

One of the most popular and effective software packages for
gradient-free optimization is the Nevergrad framework [37]. Methods
implemented there were used as benchmarks for our research. One
distinctive feature of Nevergrad is that it implements techniques that
combine several optimization approaches into one, called ‘‘Portfolios’’.

Based on our testing, we found that the basic Portfolio method,
which combines methods of (1) covariance matrix adaptation evolu-
tion strategy (CMA-ES), (2) differential evolution (DE), and (3) SCR-
Hammersley, performed the best in our problem setting. We also com-
pared it to other popular gradient-free methods implemented in Nev-
ergrad, such as (1) OnePlusOne, (2) NoisyBandit, and (3) simultane-
ous perturbation stochastic approximation (SPSA), which all showed
poorer results compared to the default Portfolio. It should be noted
that in [18], it was demonstrated that the CMA-based optimization
method outperformed the maximum activation of genetic algorithms
(by 66% in silico and 44% in vivo), which are popular choices for
non-gradient-based AM tasks.

As an alternative to Nevergrad algorithms, we used PROTES opti-
mization method [22] (described in previous sections), based on the
low-rank Tensor Train decomposition [21]. In addition to baseline
PROTES, we applied quantization of the tensor modes (transforming
each tensor dimension into a new set of dimensions with smaller
modes), which allowed us to achieve better results compared to the
baseline PROTES method.

To summarize, we compared the following optimization methods
with the following hyperparameters:

1. (baseline) Random search
2. (baseline) Portfolio from the Nevergrad package
3. TT = PROTES with 𝐾 = 10; 𝑘𝑡𝑜𝑝 = 1
4. TT-s = PROTES with 𝐾 = 5; 𝑘𝑡𝑜𝑝 = 1 + mode quantization
5. TT-b = PROTES with 𝐾 = 25; 𝑘𝑡𝑜𝑝 = 5 + mode quantization

For PROTES, 𝐾 stands for number of optimum candidates, sampled
from the model probability density; and 𝑘𝑡𝑜𝑝 is the number best candi-
dates out of 𝐾, based on which the parameters of this model density
are updated on the last step of each iteration.

The tensor rank hyperparameter for all PROTES instances was set
𝑟 = 5 — that is, each ‘‘car’’ of the Tensor Train approximation was
a tensor of rank 5. We have run experiments with different 𝑟 values
in the nearby range, and observed effects were similar, so we report
results with 𝑟 = 5.

The outline of our TT-based optimization algorithm can be found in
Algorithm 1.
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Algorithm 1: MEI construction using PROTES
Data: function that computes the activation of the target neuron

𝑎 = 𝑓 (𝑥) for any input image 𝑥 ∈ R𝑑𝑖𝑛𝑝 having 𝑑𝑖𝑛𝑝 pixels;
generative model 𝑥 = 𝑔(𝑧) that produces artificial input (image)
𝑥 for the provided latent vector 𝑧 ∈ R𝑑 , where 𝑑 is a dimension
of the latent space; maximum number of queries 𝑚 (i.e., the
computational budget).

Result: input image 𝑥(𝑜𝑝𝑡) that maximizes the activation.
Function loss(𝑧):

Generate the artificial input (image): 𝑥 = 𝑔(𝑧)
Compute the activation of the neuron: 𝑎 = 𝑓 (𝑥)
return 𝑎

Optimize until the budget is exhausted: 𝑧(𝑜𝑝𝑡) = pr ot es(loss, budget = 𝑚)
The optimizer sequentially generates candidates for the optimum,

performs corresponding queries to the objective function, and
updates the internal expectation tensor for the optimum based on
the returned values. Please see Algorithm 1 with details of the
PROTES optimization method in the original work [22].

Generate the artificial input (image): 𝑥(𝑜𝑝𝑡) = 𝑔(𝑧(𝑜𝑝𝑡))
return 𝑥(𝑜𝑝𝑡)

3.5. MANGO framework

We have developed a software framework for fast and accurate
calculation of MEIs in artificial neural networks — called MANGO
(Maximization of neuronal Activation via Non-Gradient Optimization).
We were particularly interested in considering models that are more
closely related to the functioning mechanisms of biological neurons,
specifically spiking neural networks (SNNs), as one of our main fu-
ture goals is to apply these methods to living systems. However, the
gradient-free optimization techniques we propose in this paper are also
well suited for classical neural networks (see Fig. 3).

Within the framework, one can select a dataset, a generator model,
a target neural network model, and an optimization method. One can
also generate MEI search using various hardware backends and save
and analyze the results.

The following list shows the options that have been added to the
framework:

1. Datasets: MNIST [74], Fashion-MNIST [75], CIFAR10 [64], Im-
agenet [76]

2. Generative models: VQ-VAE [67], SN-GAN [65]
3. Classic neural networks: AlexNet [77], Densenet [78], VGG [79],

ResNet [52]
4. Spiking neural networks: SNNTorch [50]-supported model con-

volutional networks and SpikingJelly-supported spiking
ResNet18 [51]
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Fig. 3. Schematic of the MANGO framework.
5. Optimization methods: Random search, Nevergrad-based bench-
marks [37] and Tensor Train decomposition-based methods
(TTOpt, PROTES, etc.) [20,22]

6. backends: CPU (with multithreading), GPU, CuPy for SNN-based
models (support provided by provided SpikingJelly authors
[51])

The selected dataset is used to train a convolutional (in our case,
also spiking) network for the image classification task, as well as to
train a generator network for the task of compressing input data into
an effective latent representation. After training, the generator creates
random latent representations, which are transformed into images and
presented to the convolutional network. The activation of the neuron
of interest is measured and fed as input to the optimizer, which pro-
duces an improved latent vector that maximizes the likely response
of the neuron studied. This process is repeated multiple times until
convergence or until the optimizer query budget is exhausted.

MANGO code is available on GitHub https://github.com/iabs-neur
o/mango, including training and analysis scripts. Full sets of MEIs will
be provided to interested readers upon request.

4. Results

4.1. Performance of tensor train-based optimization methods

Optimization method performance was measured in terms of tar-
get neuron activation in response to generated MEI. Given a large
number of iterations, approaches based on Tensor Train decomposition
demonstrated performance slightly lower than the baseline Nevergrad
Portfolio method, which was the most effective among the non-gradient
methods considered, see Fig. 4 and Table 1. However, on low or
intermediate number of iterations, which are the most relevant in
real-world experiments, TT-based methods demonstrated comparable
or better performance. All methods performed significantly better than
the random search baseline.

At the same time the PROTES method in various modifications,
has been shown to be 3–15 times faster than the Nevergrad Portfolio
benchmark, depending on the number of iterations, hyperparameters
and properties of the image. This substantial difference makes TT-based
methods very competitive in a real experimental setting.
7 
Three different (although related) tensor methods and a non-
gradient benchmark from the Nevergrad library often converged on
the same images. This is surprising, given the vast number of image
variations sampled from the generator’s latent space. Despite the fact
that the differences between MEIs increased in deeper layers (see
Section 4.3), they were very similar in the early layers of the network
(see Figs. A.13, B.17, B.18).

This suggests that all discrete optimization algorithms indeed con-
verge to a good optimum in the latent space of the generator. Con-
sidering the results from Appendix B, we can extend these findings
to the general image space and conclude that discrete optimization
techniques, especially those based on Tensor Train decomposition, are
effective in finding MEIs.

4.2. Emergence and dynamics of neuronal specializations

To study the dynamics of MEI emergence and their content we
analyzed optimal stimuli for the Resnet18 SNN spiking layers. We
were interested in the maximal neuronal activations achieved during
the optimization process and their correspondence with objects in the
training images. The training was conducted for 1.000 epochs and the
network states were recorded after each epoch. Nine spiking layers
were chosen, evenly spaced between the input and output layers,
with 64 neurons in each layer selected for MEI construction. Neuronal
activation was maximized for all 576 considered neurons sequentially
by searching for the most exciting visual input using three variants of
the PROTES method based on TT decomposition. SN-GAN was used
as the generative model (we also used VQ-VAE image generator, the
comparison between these two models is given in Appendix B).

An important aspect when analyzing MEIs is the relationship be-
tween identified neuronal specializations and the patterns the network
has learned from the dataset. To study this, the resulting MEIs were
then fed into the network to determine if the target neuron was specific
to a particular image class. To quantify neuronal selectivity for specific
classes, we have run the network on the MEIs and obtained the model
class probabilities. Arguably, a more uniform class probability distri-
bution corresponds to more abstract and general images. Conversely,
a high probability for a specific class indicates the presence of that
respective pattern in the MEI. For each MEI, we calculated the entropy
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Fig. 4. Left: Neuron activations for different optimization methods, averaged for all units and SNN layers. Shaded regions represent standard errors. Right: process of a single
MEI formation at different iterations with corresponding activation values.
Table 1
Average MEI-related activations and MEI computation time for various non-gradient optimization methods. Methods: RS — Random search; NG — Nevergrad baseline Portfolio;
TT, TT-b, TT-s — Tensor Train based optimization variants.

Optimization methods performance

Act. (102 it.) Act. (103 it.) Act. (104 it.) Time (102 it.) Time (103 it.) Time (104 it.)

RS 0.384 ± 0.001 0.468 ± 0.001 0.537 ± 0.001 10.202 ± 0.033 91.123 ± 0.334 861.266 ± 3.176
NG 0.393 ± 0.001 0.574 ± 0.001 𝟎.𝟕𝟓𝟓 ± 𝟎.𝟎𝟎𝟏 12.947 ± 0.036 163.45 ± 0.294 1685.464 ± 3.04
TT 0.411 ± 0.001 𝟎.𝟓𝟖𝟏 ± 𝟎.𝟎𝟎𝟏 0.675 ± 0.001 𝟑.𝟐𝟔𝟕 ± 𝟎.𝟎𝟎𝟔 14.456 ± 0.007 219.277 ± 0.289
TT-b 𝟎.𝟒𝟏𝟖 ± 𝟎.𝟎𝟎𝟏 0.579 ± 0.001 0.662 ± 0.001 3.321 ± 0.005 𝟏𝟒.𝟐𝟖𝟑 ± 𝟎.𝟎𝟐𝟔 383.852 ± 0.489
TT-s 0.392 ± 0.001 0.564 ± 0.001 0.679 ± 0.001 3.724 ± 0.005 15.236 ± 0.007 𝟏𝟐𝟕.𝟒𝟎𝟔 ± 𝟎.𝟏𝟕𝟑
Fig. 5. ‘‘Pink horse’’ neuron 52 from LIF layer 1.1 of spiking ResNet18. Images were generated using Tensor Train based methods. Numbers show activations of the target neuron
on MEI.
of the final class probability distribution and normalized it against the
maximum possible entropy (for a uniform distribution over 10 classes).
Some other notable measures of neuronal selectivity in SNNs [80] exist
as well.

The results are shown in Fig. 6. One can see a sharp peak of low-
entropy MEIs in the last spiking layers of the trained model, which
corresponds to high model confidence in assigning specific classes to
MEIs. Even in the middle of the network, most neurons are already
specifically associated with a certain class. In contrast, at the early stage
of training, the model does not show any MEI specificity for a particular
class.

Following the MEI formation process, we observed that it often
consisted of two distinct stages. At first, the optimization was searching
the latent image space almost randomly, with the network’s classi-
fication confidence (negative entropy of the output class probability
distribution) being low. Then, the AM process converged to some MEI
with further optimization only refining it. Transition from the first stage
to the second one was marked by a sudden increase in network clas-
sification confidence especially on MEIs that resemble training images
of clearly distinguishable classes (see Fig. 4).
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Notably, the three TT-based methods used often converged to sim-
ilar images. Given the high complexity of the underlying landscape of
potential MEIs, we used the following composite criterion of neuron
selectivity with respect to a specific class:

• ‘‘Stability’’: All three maximization techniques converged on im-
ages of the same class (the MEI class was defined by the maximum
probability at the network’s output).

• ‘‘Confidence’’: The probability of the best class was at least 75%.
• ‘‘Activation’’: The activity of the targeted neuron was at least 75%

of the maximum possible. Here, activity was calculated by simply
adding up the number of spikes across all channels for a given
neuron.

As expected, the vast majority of specialized neurons were found in
the final layers of the model, where MEIs contained the most complex
patterns (Fig. 7, see Appendix A for characteristic examples of MEIs).
Surprisingly, however, we also found a significant number of neurons
related to a certain class in the intermediate layers, accounting for up
to 40% of the total. Unexpectedly, highly selective neurons were found
as early as the third spiking layer (Fig. 5).



N. Pospelov et al. Neurocomputing 618 (2025) 129070 
Fig. 6. Distribution of neurons by entropy of class prediction probabilities (lower entropy = more class-specialized). Left: early stage of learning (epoch #5), right: late stage of
learning (epoch #700).
Fig. 7. Fraction of selective neurons. Horizontal axis — epoch number, vertical axis — layers (lower = deeper). Left: activation threshold — spikes ≥75% of exposure time; Right:
additionally, max class probability ≥75%, with max class stable over different maximization methods.
Fig. 8. Emergence of neuronal specializations. Horizontal axis — layer depth (increasing left to right). Left: Distribution (over several runs) of the first epoch numbers when a
strong MEI appears (neuron spikes ≥75% of exposure time). Right: Normalized activation by MEI (errorbars — 95% confidence interval).
As the model learns, highly specialized neurons increase in number.
To quantify the ‘‘goodness’’ of MEIs, we calculated averaged neuronal
response caused by MEIs across layers and learning epochs. The results
are shown in Figs. 8 and 9. In general, MEI-related activity in the
last layers increased with learning, correlating well with model per-
formance (Fig. 9 right). For intermediate layers, MEI-related activity
reaches plateau and may even show a slight decrease at late epochs.
We discuss these effects and compare them to the ones taking place
in a non-spiking ANN model in Appendix C. However, we observed
an abnormally late development of MEIs before the final layers of
the neural network (layer 3.1). These MEIs led to weaker activation
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of targeted neurons (Fig. 8 right). We believe this decrease may be
due to ongoing restructuring of MEIs in these layers, as they act as a
‘‘gateway’’ to more complex specialized layers. It is also possible that
insufficient optimization budget prevented obtaining the ‘‘true’’ MEIs
of these neurons.

We then addressed the issue of ‘‘labile’’ neurons, which change
their selectivity as training progresses. To do this, we tracked neurons
that met the criteria for specialization on more than one class during
training. These neurons are interesting because they help understand
the mechanisms of ‘‘narrow’’ specializations formation. These often
specialize on abstract concepts that can be used as building blocks
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Fig. 9. Left: Dynamics of neurons’ activations in response to their MEIs. Right: the same for the first 100 epochs with the model classification accuracy in the same axes.
Fig. 10. Left: fractions of non-specialized, stable (selective to only 1 class) and labile (selective to 2 or more) neurons vs. layer depth. Right: oscillating MEIs of labile ‘‘bird-ship’’
neuron, rows: epoch # 40, 100, 300 of training; columns: results obtained with TT, TT-S, TT-B optimization methods. The captions above each MEI provide information about
the predominant class according to classification results, the probability, and the activation of the neuron as a percentage of the maximum possible.
for classifying more complex patterns. An example of MEI of such a
neuron can be seen on Fig. 7, right. It selectively activates on elongated,
diagonally arranged structures on a blue/green background. In this
area of the latent space, the embeddings of birds and ships are similar,
which is reflected in the neuron’s classification at different stages of
training. Such labile neurons were virtually non-existent in the initial
layers of the network (see Fig. 7, left), but their fraction rose to
approximately 40% in the final layer. This could indicate a high degree
of variability in the specialization of the final layers and their capacity
for rapid reconfiguration when receiving new training data, drawing
on information from the neurons in earlier layers. Specifically, this
supports the empirical principle behind reservoir computing, which is
to train only the output layers while allowing the internal layers to
identify complex features in the data set [81].

4.3. Complexity and diversity of specializations

Based on our observations, the entropy of class probability predic-
tions by the model on MEIs decreases with layer depth and training
epochs number, indicating that the neurons are gradually forming more
refined class-related specializations.

In general, as expected, neurons of early layers are maximally
activated by simple geometric features or color patterns, while neurons
in deeper layers show selective activation for one class or another (see
Figs. A.13, A.14, A.15 for examples).
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MEIs generated using different optimization methods contain the
same patterns of varying degrees of complexity, but are not identical to
each other. In order to evaluate the variability of the resulting images,
we calculated the average Euclidean and cosine distances between the
latent vectors corresponding to MEIs (SN-GAN generator was used).

The variability of possible images in the last layers of spiking
ResNet18 turned out to be greater than in the first ones (see Fig. 11).
Average distances between the generated MEIs in the last spiking layer
turned out to be about 20% higher than in the first one, revealing sig-
nificant transformations of neurons’ specializations landscape. Possible
explanation of this effect is that there are many ways in which a com-
plex concept, such as a horse, can be realized in an image. NNs learn
to nonlinearly project the data space during training, simultaneously
identifying some of its areas with each other [82]. Thus, the number
of local maxima in the overall image space grows with increasing
specialization of neurons. At the same time, this effect measured via
cosine distance became weaker during model training (see Fig. 11,
right).

The growing diversity of MEIs is accompanied by an increase in
the activations they produce on corresponding neurons (Fig. 8). This
may be explained by finer specialization of neurons in deeper layers, in
accordance with the results from Section 4.2. At the same time, the dips
in maximal activation values observed in layer 3.1 are reproduced by
both generator types (GAN and VAE) and show that the overall picture
may be more complex.
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Fig. 11. Diversity of specializations in terms of distances between MEIs in the latent space. Left: Euclidean distances. Right: cosine similarities for different layers (layer depth
increases to the right), at different training stages.
Fig. 12. Complexity of MEIs, measured as compressed file size (JPEG and ZIP compressions).
As the network learns, the content of MEIs becomes more complex.
Calculating an exact measure of image complexity is a challenging
task, for which several complementary approaches have been devel-
oped [83]. However, it is possible to gain a general understanding
of this measure by using simple heuristics based on information com-
pression algorithms. This approach has proven successful in assessing
entropy and mutual information [84] as well as the quantitative as-
sessment of consciousness level [85]. To quantify visual complexity of
generated MEIs, we calculated the compression ratios of the optimized
images in the .jpg and .zip formats and compared them to the size
of the original images (see Fig. 12). Both compression methods yielded
similar results: as the network learns, the complexity of MEIs in the first
layers increases, gradually reaching a steady state. We believe that this
is due to rapid formation of more complex specializations in the early
layers of the network (Fig. 8 see Section 5.1 in Discussion).

5. Discussion

5.1. Neuronal selectivity in spiking convolutional networks

We track neuronal selectivity properties throughout the training
process of the model and observe MEIs of varying complexity with
more refined features corresponding to deeper layers, in accordance
with the principles shown in both ANNs [31,77,86] and animal visual
cortex [3,87].

Neurons from intermediate layers are often selective for ambigu-
ous images potentially useful for multiple class discrimination (see
Fig. A.14 (left) for examples). This effect can provide a potential basis
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for complex image specializations. For instance, it has been shown that
abstract feature representations emerge naturally in neural networks
trained to perform multiple tasks [88].

The influence of different sensory modalities on the visual cortex
in animals is not negligible, potentially leading to complex neuron
specializations [89]. For example, neurons in the V2 visual area can be
selective for ‘‘naturalistic’’ texture stimuli [90]. Neurons selective for
complex vocal stimuli have also been found in the primary auditory
cortex [91]. These findings coincide with the formation of complex
specializations in early layers, as demonstrated in this work (see Fig. 7).

An important research question is the patterns and mechanisms of
neuronal specializations formation over time. It is notable that neuronal
specializations in our setting form early during the training process, as
shown in Fig. 7 — this phenomenon has also been observed in non-
spiking ANNs [92]. The model’s neurons are able to form complex
representations, expressed in the activity of neurons, after several expo-
sures to the dataset. This occurs both in deep and intermediate layers,
even though the recognition quality has not yet reached a plateau at
this stage of learning. This is consistent with data on the early formation
of specialized neurons in biological neural networks, as obtained in
experiments [93]. This behavior may indicate that complex neural
representations are rapidly formed, and the network then ‘‘rebuilds’’ the
weights over time to optimally convey information from these highly
specialized neurons to the output layers.

The results obtained suggest that the reconfiguration of neural
specialization is a fundamental process in both biological and artifi-
cial neural networks. Additionally, heterogeneity in the selectivity of
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neurons is observed in these systems, with some neurons retaining
their specialization as they learn, while others’ specializations are more
labile. In biological networks, it was shown that neurons with stronger
selectivity tend to be more stable, supporting the hypothesis of the log-
dynamic brain [94]. In future work, we plan to investigate how this
behavior relates to the strength of specialization, as well as investigate
he weights of connections between artificial neurons with specific
pecializations in order to gain better understanding of their influence
n one another and trace the development of complex specializations.

5.2. Limitations of the current work and directions of future research

As our results show, the quality of the calculated MEIs depends
significantly on the image generator used. In the future, we plan to
extend MANGO by adding support for new generators that are well
suited for the MEI search task (i.e. combining the discrete structure of
he latent space with the high plausibility of the generated images). It
s of interest to consider the popular direction of discrete GANs [95].

In parallel with single-neuron selectivity, neuronal computations
can be described by low-dimensional activity manifolds, which arise
from the collective, coordinated spiking of numerous neurons. This type
of information encoding in the brain is known as population coding
and has a long and rich history in neuroscience [96,97]. Recently,
population behavior of artificial neurons in large language models
(LLMs) has received particular attention, potentially leading to the
emergence of the new field of representation engineering [98]. To
our knowledge, the relationships between optimal stimuli for single
neurons and their contribution to population coding have not yet been
analyzed, and we consider this to be one of the important directions
for future work.

Recently, it has become apparent that the activity of individual
omponents can significantly influence the operation of a large neural
etwork. Researchers working with LLMs have recently demonstrated
hat manipulating the activity of a single specialized artificial neuron

can lead to significant changes in the behavior of an LLM [99]. At the
same time, it is known that stimulating a small number of neurons (or
even a single neuron in some cases) in a biological neural network
can cause the entire ensemble to become highly active, potentially
influencing animal behavior [100]. Given this evidence of the impor-
tance of individual computational units, it would be interesting to
investigate the effect of inhibiting or exciting a single neuron on model
performance and correlate this with the MEI properties of that neuron.
We plan to conduct such analysis in future work.

5.3. Activation maximization in ANNs & explainable AI

The problem of maximizing neuronal activation in artificial neural
networks (ANNs) is being actively researched within the field of ANN
isualization & interpretation [31–34], a sub-field of the more general

area of explainable AI. In order to successfully integrate ANN-based
solutions into critical systems, such as medical and legal practices,
it is necessary to have a human-understandable interpretation of the
algorithm’s decision-making process. In recent years, methods based
on visualizing the computation graph, loss function, parameter space of
certain layers, or even individual neurons [101] have gained popularity
n creating interpretable deep learning models. These methods allow
esearchers to better understand the inner workings of NNs.

A recent review [102] of visualization techniques for unraveling
euronal stimuli covers some of the most successful approaches: the

method of activation maximization [31], the Grad-CAM method [103],
layer-wise relevance propagation (LRP) [34] technique, well as the
Integrated Gradients method [104]. Another outstanding recent work
s Goh et al. [14], which demonstrates a rich range of stimuli that
aximize the activation of different neurons in an ANN. This work also
emonstrates the effect of multimodal selectivity in artificial neurons.
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However, all of the aforementioned methods are mostly based on
automatic differentiation: the ANN’s computation graph is formed al-
owing to compute gradients with minimal computational complexity.
his allows the use of gradient descent (ascent), and its stochastic
odifications. Gradient-based methods are clearly not applicable to

iving systems, so one must either use gradient-free methods, such
s genetic algorithms (as in [38]), or other methods that use lo-

cal approximations of gradients, such as evolutionary algorithms, or
alternative approaches, including optimization techniques based on

T-decomposition.
Our results presented in Section 4.1 indicate that TT-based optimiza-

tion methods outperform Nevergrad’s [37] Portfolio in our problem
setting (for small and moderate optimization budget). Portfolio is a
balanced mixture of optimization methods that includes CMA-ES [41].
It was shown [18] that CMA-ES outperforms other genetic algorithms
on the problem of activation maximization. This allows one to carefully
conclude that TT-based optimization methods are more suitable for AM
problems, although this claim requires further accurate examination.

5.4. Possible applications for TT-based activation maximization in biologi-
cal neurons

Modern optical imaging techniques allow us to monitor the ac-
tivity of hundreds of neurons in their temporal dynamics in vivo.
Activation maximization of multiple neurons, both individually and
in groups, could be a powerful tool for analyzing the function of the
ervous system at the cellular level, shedding light on the formation
nd spread of cognitive specializations in biological neurons. However,
he design of biological experiments poses serious limitations on the
pplicability of optimization methods. These methods need to be quick,
ccurate, and able to tune themselves to new data. We expect our
T-decomposition-based methods to possess all these properties.

Thus, one of the most interesting and potentially fruitful appli-
ations of our tools is maximizing neuronal activation in vivo. Since
iological neurons have an irreducible minimum response time to a
timulus, research into algorithms aimed at reducing optimizer budget
nd lowering computation time required for MEI generation seems
articularly relevant. In particular, we plan to extend MANGO with
ore optimization methods based on Tensor Train decomposition,

pecifically optimized for this task.
A separate challenge is finding optimal stimuli in non-visual do-

ains, such as the space of sounds or smells, which may be far more
elevant to the animal under study than to humans [105]. We also hope
o gain some insight into the applicability of TT-decomposition based
ethods in these latent stimulus spaces.

Studies of neuronal selectivity in spiking neural networks are of
great interest, as they reveal the mechanisms of the functional units’
operation in the neural network using a biologically plausible model.
The use of spiking artificial neurons makes the analysis in this study
significantly closer to real electrophysiological experiments [4] and
allows us to test hypotheses about the temporal patterns of neurons’
responses to MEIs in silico. We hope that our algorithms will be useful
in the future study of optimal stimuli for biological neural networks.

Our framework aims to bridge the gap between neurobiological
and computational experiments, enabling the possibility to explore the
principles of information encoding in deep neural networks. Addition-
ally, we hope that this research will bring activation maximization
algorithms closer to the requirements of real biological experiments,
providing a new tool for analyzing cognitive functions of individual
neurons.
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Appendix A. Gallery of notable MEIs

In this section we present some notable MEIs for neurons of different
spiking) layers and attempt to interpret their specializations.

Fig. A.13 shows MEIs of neurons of the first spiking layer (sn1).
espite the spiking nature of neurons, these clearly specialize on visual
rimitives – patterns/textures, uniform monochrome ‘‘blobs’’ – just like
on-spiking neurons in feedforward ANNs [77,86]. See Figs. B.17, B.18

in Appendix B for more examples of first layer neurons’ MEIs. MEIs get
more interesting with layer depth.

Fig. A.14 shows MEIs of different neurons of an moderately deep
layer. In the left 3 × 3 block, first row neuron specializes on elongated
shapes on blue background: MEIs are close to typical images of classes 8
 ship and 0 – airplane. Second row neuron specializes on green bottom
nd blue top background (grass and skies) with objects in between

(automobiles/trucks/airplanes on runway strips). Third row neuron is
possibly the most interesting, as it seems to specialize on images sharing
eatures of birds and ships (green freshwater) — we call it the bird-ship

neuron. Also see Section 4.2 and Fig. 10.
In the right 3 × 3 block, we demonstrate 3 different neurons with

very similar specializations. Clearly the MEIs share the features of
dataset classes 7 — horse, 4 — deer (possibly also 5 — dog), but were
often found to be almost mirror-symmetric, so it seems these neurons
specialize on such ‘‘brown tetrapods’’ on green (grass) background
without much knowledge of head vs. tail placement. Overall it is
expected that moderately deep neurons specialize on such simple image
types — more complicated than visual primitives, but less complicated
than detailed images clearly distinguishable as dataset classes. What
is notable however is that such smooth but not yet very class-specific
MEIs are stably obtained with a gradient-free optimization procedure,
not by simply back-propagating as in feedforward ANNs [16].

Fig. A.15 shows MEIs of the last (deepest) spiking layer (layer4.1.
sn1). Its neurons clearly specialize on dataset-like images, with classes
 — deer, 6 — frog, 7 — horse which are clearly distinguishable.
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Appendix B. Generative models comparison

B.1. CIFAR-10 dataset

The models were trained on CIFAR-10 [64] — a dataset of 60.000
color images of size 32 × 32 pixels, split into 10 classes (6.000 images
per class): (0) airplane, (1) automobile, (2) bird, (3) cat, (4) deer, (5)
dog, (6) frog, (7) horse, (8) ship, (9) truck. Fig. B.16 provides examples
of dataset images.

B.2. Overview of VAEs

Apart from SN-GANs, we have also tested VQ-VAEs for image gen-
ration. A Vector-Quantized Variational AutoEncoder (VQ-VAEs) [67]

is a generative model of the VAE family [66]. VAEs were chosen for our
ask mainly due being quick to generate data — only one forward pass

is needed to obtain a sample; but also due to simplicity of architecture
 encoder–decoder, where the endoder gives the latent coordinates of

a sample.
VAEs take a sample of data, 𝑥 (e.g. a batch of images) and transform

t, layer by layer of the encoder (if data is images, some convolutional
layers are applied first), to the latent space. On that space, a family of
parameterized probability distributions (posteriors) 𝑝𝜃(𝑧|𝑥) is defined
(one can say that the encoder just outputs a vector of parameters 𝜃 of
this distribution, thus specifying a representative of this family). One
then generates a sample 𝑧 ∼ 𝑝𝜃(𝑧|𝑥) from that distribution — this is a
non-deterministic action and so at first it seems non-differentiable for
one to design a backward pass (error backpropagation), but a clever
dea of the reparameterization trick [66] overcomes this problem (by

separating parameterization of a distribution from sampling from it).
This ‘‘latent code’’ 𝑧 that describes the input sample 𝑥 is then passed
to the decoder (if the VAE has to generate images — last layers of the
ecoder will be deconvolutional, etc.) to produce an output – a new

sample of data. There is also what is called a prior distribution 𝑝(𝑧)
f latent codes, which, for the case of latent space being R𝑑 , is unin-
ormatively chosen to be standard normal (uniform distribution cannot
e supported on R𝑑). There exists a problem of ‘‘posterior collapse’’

— when the posterior distribution gets too close to the uninformative
prior on some latent codes. Various modifications of VAEs aim to fix
this problem, with VQ-VAE doing so quite successfully under certain
conditions.

Vector-Quantized VAEs [67] take this idea to a ‘‘discrete’’ setting
 the family of posterior distributions 𝑝𝜃(𝑧|𝑥) is now discrete rather

than continuous (multidimensional normal in original VAEs), supported
on a fixed-size dictionary of latent codes (codewords). The motivation
behind this is that, for any finite sample of natural images, there
will only be a discrete set of classes in it — dogs, cats, cars, etc. So
VQ-VAEs tend to produce far sharper images than their original VAE
ounterparts (which tend to blur the image, with the uncertainty of the
osterior distribution translating into Gaussian-like, albeit nonlinearly

transformed, blur on the resulting images), which at first seemed better
for our needs. The encoder of VQ-VAE thus learns to output these
iscrete posteriors (the latent codes and their posterior probabilities) so
hat samples from them (output of the decoder) were alike the training
ata. Since the prior 𝑝(𝑧) is also supported on this discrete codebase
which can support a uniform distribution), choosing it to be uniform
elps prevent posterior collapse.

In our experiments, we have tested VQ-VAEs with latent dimension
4 with dictionary size of 512 — while CIFAR-10 only has 10 classes,
odes are assigned not to singular images, but to their batches (sam-
les). Both encoder and decoder were built with ResidualStacks [52]

of 3–4 convolutional layers.



N. Pospelov et al. Neurocomputing 618 (2025) 129070 
Fig. A.13. MEIs of first spiking (sn1) layer neurons. Each row is a certain neuron, several activation optima.
Fig. A.14. MEIs of intermediary (layer2.1.sn1) layer neurons. Each rows of 3 images: one neuron, several activation optima. Left 3 × 3 block: 3 different neurons with different
specializations. Right 3 × 3 block: 3 different neurons with similar specializations.
B.3. Comparison of GAN- and VAE- based generators

For MEIs created for each neuron of all spiking layers from the
spiking ResNet18, analysis has shown that the maximal activations of
neurons on images generated by VQ-VAE were smaller than on images
generated by SN-GAN. The magnitude of the gap depended on the layer
and ranged from 50% in early layers to 5% in deep layers.

In general, despite neuronal activations were significantly above
chance, the MEIs generated by VAE often contain no visible structure
and do not provide any insight about neuronal specializations.
14 
The exception is the early layers, in which the MEIs obtained using
both generators are quite similar. This allows one to expect that discrete
optimization methods actually find generator-agnostic maxima in the
global image space, and difficulties in obtaining interpretable images
can be solved by further improving the structure of generators’ latent
space.

Thus, VQ-VAE-generated images are closest to richer SN-GAN-
generated ones where there are uniform colors or simple geometric
patterns in the image (see Figs. B.17, B.18). We suppose that this
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Fig. A.15. MEIs of last spiking layer (layer4.1.sn1). Each row is a certain neuron, several activation optima.
Fig. B.16. 10 classes of images in CIFAR10 dataset [64].
is a sign of excessive information compression in the latent space of
VQ-VAE generator, which leads to the loss of significant image details.

Our hypothesis as for why VQ-VAE is performing poorer in our setup
is: as described in the above sections, VQ-VAEs learn discretized, rather
than continuous posterior distributions of data samples — supported
on a finite set (dictionary) of (learned) vectors in the latent space, the
15 
posterior distribution then being multinomial on that discrete pointset.
For that reason, VQ-VAEs seem to be not so good at interpolating
between probable datapoints (images) — designed to mitigate posterior
collapse and Gaussian-like blur of generated images in original VAEs, it
seems that VQ-VAEs loose in the ability to generate interesting out-of-
distribution samples. Of course, some interpolation is possible, and it
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Fig. B.17. MEIs for unit 16 of the first spiking layer from spiking ResNet18. Top: images generated with SN-GAN. Bottom: images generated with VQ-VAE. Columns correspond
to different TT-based optimization methods.
Fig. B.18. MEIs for unit 35 of the first spiking layer from spiking ResNet18. Top: images generated with SN-GAN. Bottom: images generated with VQ-VAE. Columns correspond
to different TT-based optimization methods.
seems we did not find good balance between discretization parameters
of VQ-VAE and TT — that is matter of future investigation.

SN-GANs performed far better in our experiment, providing seem-
ingly smoother (due to benefits of Spectral Normalization) coordinates
on the latent space of images. However, the above results on neuron
specialization distributions seem to be universal — no matter what
generative model was used.

Appendix C. Comparison of optimal stimuli dynamics in ANN and
SNN

To investigate to what extent the results obtained are determined
by the spiking nature of the network under investigation, we repeated
our analysis on a standard (non-spiking) ANN of ResNet18 architecture.
Recall that the SNN we analyzed was essentially a spiking layer-
augmented version of this model. We applied TT-based optimization
16 
methods to reveal optimal stimuli for ResNet18 block neurons (8 layers
total) during learning, and then applied the same analysis as outlined
in the Results section, including MEI tracking throughout learning,
to recorded data. For this analysis, we removed the ‘‘sufficient ac-
tivity’’ selectivity criterion since the output magnitude of non-spiking
neurons is not constrained from above. Our results have shown signif-
icant differences between the MEI formation processes in non-spiking
convolutional networks and their spiking counterparts.

• In an SNN, the proportion of class-selective neurons grows or
remains intact during learning in all layers, while in an ANN, this
process is clearly two-staged. Initial growth of the proportion of
selective units is followed by a decrease in all layers except for
the last one, where it monotonically increases during training (see
Fig. C.19). It seems that the selectivity ‘‘flows’’ into the last layer,
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Fig. C.19. Left: fraction of class-selective neurons in an ANN model. Horizontal axis — epoch number, vertical axis — layers (lower = deeper). Right: Unbounded MEI-related
activations in an ANN model per layer during training. Shaded regions indicate standard errors.
and the optimal stimuli in intermediate layers become less refined
and class-specific.

• In general, the model’s confidence (measured by the neg-
entropy of the outputs) for generated MEIs was significantly lower
in the ANN version of ResNet18 than in the spiking one. The only
layer with stable and reliable class-related MEIs was the last one,
especially during the late epochs of training.

Given low network confidence during inference on generated MEIs
for a non-spiking ResNet18, it is possible that the TT-based optimization
method may not perform well in this task. Further analysis using
gradient-based optimization methods, which are commonly used for
ANNs, could help one better understand this issue. However, these
results can have an intriguing explanation in the context of general
learning dynamics of neural network learning. It has been shown that
forgetting (decay of information contained in the weights) is critical
to achieving invariance and disentanglement in representation learn-
ing [92]. This can explain the decrease in selectivity and activation
amplitudes in intermediate layers. At the same time, the computational
role of the last layers increases, making them disproportionally impor-
tant for the model’s decision making while the rest of the network
serves as a high-dimensional ‘‘feature extractor’’ - the idea lying at the
heart of reservoir computing systems [107].

These processes also seem to occur in a spiking network. Note that
the maximum MEI-related activations of the first SNN layers occur
at intermediate stages of learning (see Fig. 9). However, the spiking
nature of neurons makes it more challenging for the network to learn,
extending the critical phases of this process. This suggests that one may
observe effects similar to those taking place in ANNs in SNNs if one
trains models for a long enough time.

Data availability

Data will be made available on request.
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