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Abstract—This paper presents ElegansAl, a neural network
model that leverages the connectome topology of the Caenorhab-
ditis elegans to design and generate advanced learning systems.
The objective of this approach is to integrate the intricate
circuitry of biological neuronal networks into artificial ones,
with the aim of exploring the advantages of incorporating
bio-plausible connectome topology in deep learning models.
ElegansAl outperforms randomly wired tensor networks, simu-
lated bio-plausible networks, and state-of-the-art models such as
transformers and attention-enforced autoencoders. The models
achieve a top-1 accuracy of 99.99% on Cifarl0 and 99.84%
on MNIST Unsup in supervised image classification tasks and
unsupervised handwritten digit reconstruction, respectively. The
proposed method offers a unique approach to designing and
generating connectome-inspired learning systems that harness
the functional distribution of biological neuron circuitry. It
is shown how bio-plausible structures integrated into artificial
neural networks efficiently tackle complex tasks by evaluating
evolutionary optimized neuronal motifs.

Index Terms—neuromorphic neural network, bio-plausible Al,
multi-dyadic effect, network motif, C.elegans, connectomic

I. INTRODUCTION

Over the past decades, scientists have been developing
algorithms and machines that take inspiration from neuronal
communication mechanisms and nervous system structures.
Artificial intelligence (AI) is a broad field with no sin-
gle definition, encompassing research topics that range from
symbolic-reasoning-oriented algorithms to cognitive simula-
tion and neuromorphic machines, ultimately leading to neu-
ral networks. These connectionist-oriented models focus on
network-based architectures capable of learning from exam-
ples and solving various tasks with reasonable generalization
capacity. Although these modern problem-solving approaches
are widely recognized and applied within the scientific com-
munity, there remains ample room for improvement. Our
research is focused on the connectome, the structural organiza-
tion of natural neural circuits, which plays a fundamental role
in shaping the behavior of living organisms. Much research
has suggested that the connectome neural connections are
optimized by evolutionary pressure [1]]. Thus, the next logical
step is to investigate whether this type of optimized structure
can be harnessed to improve the performance of learning
algorithms structured as neural networks. For this reason,
this paper introduces ElegansAl, a neural network model
designed ex novo, that leverages the connectome topology of
Caenorhabditis elegans (C.elegans), a small nematode.

a) Related works and critical points: The integration
of biological features and structures, such as single neurons

functioning through activation functions, brain behaviors, and
connectomes, into artificial learning systems has been a long-
standing scientific pursuit. A recent editorial in Nature Ma-
chine Intelligence [2] advocates for an approach to artificial
intelligence that aims to better integrate bio-physical informa-
tion. However, it is worth noting that biological learning sys-
tems are currently too complex to be efficiently represented by
our knowledge and machines [3]]. Effectively, the development
of bio-inspired neural models typically may require a balance
between operational simplifications and the characteristic as-
pects of the systems themselves [4], [S]]. Despite that, main
attempts to develop artificial learning networks by examining
and replicating bio-inspired mechanisms can be categorized
into three algorithmic approaches. The first approach involves
Spike Neural Networks (SNNs) which simulate information
communication in the nervous system via spike diffusion [4],
[5]. The second approach is focused on Deep Neural Networks
(DNNs), which, in a certain sense, enrich synaptic relations by
backward-updating learned information [6]. Typically SNNs
and DNNs are compared by means of their performance and
computational costs [7]]. The third approach, which is hybrid,
combines SNNs with DNNs by incorporating neural dynamics
and time-dependent plasticity features into traditional deep
learning paradigms, as shown by recent studies [8]], [9]], [LO].
Concurrently, some studies argue that in DNNs the training
through backpropagation poorly approximates brain function
[L1]], [12], while others integrate backpropagation into SNNs
models [13]], [[14], [15], [L6]. On one hand, SNNs suggest
their suitability for specific applications, but a more universal
approach that could be applied to a wider range of problems
and applications is still lacking [17], [18]. One of the primary
criticism of DNNs is their requirement for a large num-
ber of neurons and parameters to enhance learning capacity
[11], and their lack of architectural and dimensional bio-
plausibility [19]. Despite less mimicking bio-inspired models,
DNNs have demonstrated broad effectiveness across various
application domains, far outperforming most other machine
learning methods in both supervised and unsupervised set-
tings, and continuously evolving towards better architectures.
As an example, recent literature for many supervised tasks
like image classification has shifted from systems based on
convolutional models [20], [21]], [22] to attention-based trans-
formers [23]], [24], [23], [26], [27], [28]. On the other side,
unsupervised reconstruction and/or denoising problems still
rely on autoencoder-like architectures [29]], [30] or encoder-
decoder structures [31]], [32], [33]]. Concerning the connections
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Fig. 1.

The connectome of C.elegans is represented as a fully connected graph with two overlapping layers, where the solid edges represent chemical and

directional synapses and the dashed edges represent electrical and undirected ones. The sensor neurons are represented in blue (Box (a)), while interneurons
are represented in red (Box (b)). Finally, the motor neurons are represented in green (Box (c)). The blocks (d-e-f) describe the general structure of ElegansAl
In Box (d), the first part of the so-called external operational environment (E;y,) of ElegansAl is shown. In detail, E;,, is an encoder that may vary from the
different deep learning tasks and generates the feature maps in input to the sensor-tensors space. In Box (e), the Tensor Network TN is the resulting layered
model produced starting from the reference graph. The T'N is the core of the model and it is projected into the middle of the operational environment (in
between E;, and Equt). The T'N takes the configuration of a directed acyclic graph and it is depicted as the latent space of our models. Solid lines into
the T'N show directed functional associations between tensor unit neurons. The & shows the skip connection by multiplication of the previous tensor units
in multiple edge connections. In the output from the T'/N, the motor unit tensors are collected by tensor stacking and provided to the Multi-Head Attention
layer. In turn, the external environment Egy¢ is proximal to the targets (Box (f)). The latter is designed with a Multi-Head Attention layer in input to a
tensorial module, called feature condenser (see also Equt classifier/decoder blue boxes (e) and (c) of Figure |Z| and@ respectively).

between deep learning and biological neural networks, a recent
study [34] showed that a combination of fully convolutional
layers with 1-dimensional causal convolutions, consisting of
five to eight layers and using up to 1024 artificial neurons,
can effectively emulate the learning behavior of an individual
biological neuron. It can be argued that the evolution of neural
network design has drawn inspiration from biological systems,
particularly focusing on the functioning of single neurons /
computational units and their activation functions [35], and has
even led to more complex connectome-inspired models which
focus to connections between groups of several computational
units [36], [22], [21], [23]. From a certain perspective, the shift
towards neural network models that emphasize the number
of connections between simple units and their optimized
organization can be seen as a reapproach to biological neural
systems. Indeed, the nervous systems and connectomes of
animals and insects are well-known to hold promise for devel-
oping optimized learning systems [37], [38]], [39]. Moreover,
it should be noted that in early 2017, Nick Bostrom [40], a
philosopher of science, already identified the nematode worm
C.elegans as a potential model for developing connectome-
based artificial intelligence due to its relatively simple yet fully
mapped nervous system. In this direction, Sardi et al. [41]]
show that using online learning mechanisms inspired by brain
functioning, such as increased neuronal training frequency,
can significantly outperform conventional machine learning
methods in the context of online learning. However, it is only

in more recent studies, such as Yan et al. [15]], that it has been
demonstrated that a sparse variant of the backpropagation algo-
rithm can create a bionic structure that resembles the nervous
system of C.elegans. On the other hand, from a neuroscientific
point of view, it is currently unknown whether C.elegans
employs a mechanism similar to backpropagation, although
the neural activity in C.elegans may be influenced by learning
and adaptation, similar to artificial networks [42], [43]. Recent
works have shown that learning systems can mimic natural
connectome activity with varying degrees of bio-plausibility
[44]], [15], [45]. In 2019, taking inspiration from the work
of [46], Deep Connectomics Networks (DCNs) [47] were
proposed as an extension of DNNs. The work attempted
to design small-world neural networks similar to real-world
neuronal networks. However, DCNs did not fully reproduce
the topology of living connectomes preserved by evolutionary
pressure, and are often based on existing architectures like
ResNet [21]. Another relevant attempt to create neural models
inspired by living organisms’ connectomes comes from the
work of Hernandez et al. [16]], where the authors designed a
neural model inspired by the C.elegans connectome, using the
SNNs and applying the constructed model to toy classification
problems. However, this SNN approach is slow in training time
due to the high computational cost of the Hodgkin—Huxley
model [48]]. Inspired by the C.elegans nervous system, Chahine
et al. [49] propose Liquid Neural Networks (LNNs), a class of
neural models with continuous-time dynamics outperforming
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various state-of-the-art agents in the drone visual navigation
task. Lastly, an interesting connection can be found in Yan
et al.’s recent work [15], who propose the backpropagation
algorithm with sparsity regularization (BPSR) on bio-inspired
networks. This variant of the classical backpropagation algo-
rithm imposes synaptic structure sparsity and it is applied to
SNNs with positive results on classical classification problems,
such as MNIST [50] and CIFAR-10 [51]] datasets.

b) A structurally and efficient bio-plausible artificial in-
telligence: As shown in the previous paragraphs, some learn-
ing models aim to simulate physical-chemical bio-properties
of propagation, while others focus on neuronal feedback and
memory mechanisms. However, these learning systems lack
structural bio-plausibility, despite the potential to improve
efficiency and learning capacity, which could hinder the de-
velopment of artificial ones [52]]. For this reason, the purpose
of this study is to investigate biologically-plausible artificial
deep learning models by examining specific motifs from a
reference biological connectome. As shown in Figure [I] - Box
(a-c), the connectome of C.elegans is chosen as a reference
because it has a reasonable size and is characterized by three
functional neuron classes: sensor neurons, interneurons, and
motor neurons. This simplifies connectome-inspired neural
network layering, where sensors serve as an input space,
inter-neurons as a latent space, and motor neurons as an
output space. The connectome of C.elegans is represented as a
network of tensors (T'N). In FigureE], Box (d-f), the generated
learning model is layered by transforming every neuron into
a sequence of fully connected layers and every synapse into a
learning graph connection. The Encoder in Figure [T] Box (d)
is an external system that encodes information from the so
called external environment, enabling the layered connectome
to learn input information. The Decoder in Figure [T Box (d)
transforms the learned information into a form that can be used
by the connectome to interact with the external constraints of
that environment, where the inputs and outputs depend on the
learning problem. To enhance the analysis, ad-hoc models are
designed to generate artificial connectomes based on evolu-
tionary features. These generators use a custom Variational
Graph Autoencoder [53]] architecture that represents most of
the structural information (and, by extension, the evolutionary
patterns) to be learned. Since the original and the generated
artificial connectomes are both based on the motif distribution
of sensors, motors, and interneurons, a custom algorithm is
designed for comparisons. The learning performance of the
original and artificial layered connectomes is analyzed, as
well as their motif distributions, highlighting the strengths,
scalability, and limitations of transforming connectomes into
learning systems which are influenced by structural features
built from evolutionary patterns. In conclusion, most bio-
inspired models show limited performance, while connec-
tionist models rarely mimics biological networks showing
higher accuracy. ElegansAl fills the gap in modeling bio-
inspired connectionist-oriented models which follows network
evolutionary patterns combined with backpropagation strategy.
Section Results [[I] is organized as follows: Firstly, in section

the discussion revolves around clues of evolutionary
conservation related to connectome characteristics. Next, in
Section [[I-B| a comparison is made between the neural net-
works optimized by the nematode connectome and state-of-
the-art models. Furthermore, Section [I[I-C| presents the findings
obtained from the examination of neural networks designed
using randomly rewired connectomes. Section delves into
the performance evaluation of the original connectome with
respect to simulated ones generated by advanced deep-learning
graph autoencoders. Finally, in Section the conclusions
drawn from the findings on connectome learning are provided,
along with final considerations.

Methods section [ is structured as follows: in Section
the design and engineering of supervised and unsuper-
vised ElegansAls are discussed. Next, in Section[[II-B] the pro-
cesses for obtaining, organizing, and generating connectomes
at various degrees of similarity with respect to the original
one are described. This includes the explanation of randomly
generated, simulated through autoencoders, and original con-
nectome data. Finally, in Section the MiDEA algorithm
is described. The algorithm investigates multi-dyadic effects
on connectome distributions, aiming to uncover insights into
evolutionary conservation.

II. RESULTS

A. The evidence of evolutionary conservation on the reference
connectome.

An examination of the distribution of various neural opera-
tions within the nervous system of the nematode is conducted
using an analysis of motifs, by employing algorithms designed
for the computation of dyadic and multi-dyadic effects. Specif-
ically, our work investigates the way in which the structure
of the network impacts deep learning systems by evaluating
if the interactions among neuronal attributes reflect patterns
that have been optimized through evolution. In this context, a
dyad can be described as a couple of interconnected neurons
sharing similar functional traits. Conversely, the multi-dyadic
effect provides a broader comprehension of the function and
interaction of different neuronal types within structural motifs
and shortest paths. Our findings indicate that when using both
dyadic and multi-dyadic methods, the distances in the original
connectome, compared to those randomly rewired, highlight
the fact that the neuronal functions at the node level of the con-
nectome are not randomly organized. Furthermore, it has been
confirmed that evolutionary optimization varies for neuronal
functionalities associated with both chemical and electrical
synapses [52]. More specifically, Supplementary Tables S1
and S2 display a gradual increase in dyadic and anti-dyadic
distances for all neuron pairs when comparing the nematode
connectome to those that have been randomly rewired (with
rewiring percentages ranging from 0.2 to 1.0). This suggests
that the functional interplay among motor, sensory, and in-
terneurons are inherent characteristics that gradually diminish
in importance as the extent of rewiring increases. This insight
is also consistent with earlier research on structural motifs as
referenced in [54], [55], and [52]]. The influence of dyadic and
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anti-dyadic interactions on neuronal distances is more distinct
in the context of directed synapses as opposed to undirected
ones. This finding is bolstered in the calculation of dyadic-
effect information content, as presented in Supplementary
Table S3. The functional multi-dyadic/anti-dyadic information
content displays a progressive increase, beginning from a value
of 0.03 on electrical shortest paths of length 2, up to an
average value of 3.91 for chemical shortest paths of length
4. This characteristic is also observed in other biological
sequences and is described by the ’short memory’ property
[S6]. Supplementary Tables S1, S2, and S3 also reveal that
the occurrence of structured paths in connectomes, signified
by the multi-dyadic/anti-dyadic effect, is a highly preserved
characteristic that depends on the length of the synaptic path.
A minor rewiring involving only 20% of the connections is
enough to disrupt this effect in shortest paths composed of less
than 4 edges. This consistency is observed across sensor, inter,
and motor neurons in both chemical and electrical synapses.
Consequently, variation in shortest path lengths (sp2, sp3, sp4)
suggests that evolutionary optimization primarily preserves
the multi-dyadic effect in the reference connectome, and the
relevance of this preservation diminishes as the path length
extends. The outcomes are derived from employing both the
dyadic-effect algorithm proposed by Park and Barabasi [57],
and its extended version, the Multi-Dyadic Effect Algorithm
(MiDEA). The latter algorithm is discussed in Section
and deepened in Supplementary Section S1. In comparison
to the algorithm by Park and Barabasi, the benefit of the
MiDEA lies in its ability to differentiate between chemical
and electrical synapses, which can be directed or undirected.
Furthermore, it provides a separate analysis of the influence
of dyadic and anti-dyadic interactions on the shortest paths
with respect to their directionality. Supplementary Section
S1-E presents visual comparisons of the dyadic/anti-dyadic
effect in both Park and Barabasi and MiDEA, demonstrating a
propensity in the reference connectome to create connections
between neuron clusters with different functional character-
istics when these connections are undirected. In contrast,
when the connections are directed, there seems to be a
partial trend toward establishing connections among neuron
groups possessing similar functional attributes. These findings
illustrate that the neuronal circuitry motifs in the C. elegans
connectome have been accurately honed through evolutionary
optimization. Thus, these observations offer pivotal directions
for constructing deep learning models which mimic these
directed and undirected evolutionary patterns.

B. Comparisons with state-of-the-art models

The results of this section show that the proposed mod-
els M1 and M2 (detailed in Section outperform
SOTA deep learning models on two well-known benchmark
datasets. In Table [II our transformer-based ElegansAl M1
model shows significant improvements in the classification of
images from the Cifarl0 dataset compared to deep-learning

and machine-learning SOTA models |'| Such models include
classical vision transformer architectures like Vi7T, CvT, CaiT,
BiT or DeiT (23], [24]], [26], 58], [27], [25]], evolutionary-
based transformer approaches like u2Net [28] as well as pure
convolutional architectures like EfficientNetV2 [20]. The M1
model achieved a Top-1 accuracy of 99.99% on the test set, re-
sulting in complete and accurate classification regarding error
accuracy. It is worth noting that despite having fewer training
parameters (107M) than the second-best transformer, ViT-H 14
[24]], which has 623M parameters, M1 still outperformed it.
EfficientNetV2-L [20] with 121 M parameters achieved a Top-
1 accuracy of 99.10%, while the ResNet-inspired transformer
BiT-L [58]] had a Top-1 accuracy of 99.37%.

TABLE I
ELEGANSAI M1 vs SOTA MODELS FOR Cifarl0

Model Top-1Ace. | Param.
ElegansAI M1 (ours) 99.9 107M
ViT-H/14 [24] 99.5 632M
p2Net [28] 99.5

VIiT-L/16 [24] 99.4 307M
CaiT-M-36 U 224 [26] 99.4

CvI-W24 [25] 99.4

BiT-L [58] 99.4

ViT-B [59] 99.3

Heinsen Routing + BEiT-large 16 224 [60] 99.2 309.5M
ViT-B/16 [61] 99.1

CeiT-S [62] 99.1
AutoFormer-S 384 [63] 99.1 23M
TNT-B [64] 99.1 65.6M
DeiT-B [27] 99.1 86M
EfficientNetV2-L [20] 99.1 121M
BPSR SNN ResNet [15] 90.74 260.7M

Moreover, ElegansAl M2 has outperformed machine/deep
learning-based SOTA models in global benchmarks for un-
supervised digit reconstruction. SOTA models include a
wide range of machine learning techniques, varying from
autoencoder-like architectures like Stacked Capsule Autoen-
coders or Adversarial Autoencoders [29], [30], to GAN-based
methods like CatGAN, InfoGAN or Pixel GAN [65], [66l], [67]],
to information theory and topology-based algorithms, like
Invariant Information Clustering (IIC) and Sparse Manifold
Transform [68]], [31]. Table shows our M2 results in
comparison with both deep and traditional machine learning
problems. All the showed results are collected from the
online benchmark repositor except for Stacked Capsule
AutoEncoder (AE) [29] where instead of reporting M NI ST is
reported 40 x40 M NI1ST at 98.7 of accuracy. Our model M2
reaches a value of 99.78 (Top-1 Accuracy) with MSE equal to
0.0018 overreaching all the other models in the competition.
Moreover, M2 overreach the 99.27 of Fl-score with respect
to DenMune [69]] that is of 96.6.

C. Comparisons with randomly generated networks

In this section, it is demonstrated that the learning per-
formance of models based on the T'N (see Figure [I) of

ICifar-10 Benchmark dataset
ZMNIST-Unsup - Last queried 6th March 2023
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TABLE II
ELEGANSAI M2 vs SOTA MODELS FOR MNIST UNSUP

Model Top-1 Acc.
ElegansAl M2 (ours) 99.8
TIC [68] 99.3
Sparse Manifold Transform [31] 99.3
SubTab [32] 98.3
Stacked Capsule Autoencoder [29] 98.0
Self-Organizing Map [33] 96.9
Bidirectional InfoGAN [66] 96.6
Adversarial Autoencoder [30] 95.9
CatGAN [65] 95.7
InfoGAN [70] 95.0
Pixel GAN AE [67] 94.7

Model F1 (%)
ElegansAl M2 (ours) 99.3
DenMune [69] 96.6

the reference connectome is significantly superior to those
based on randomly rewired connectomes on both Cifar10 and
MNIST-Unsup datasets. In Supplementary Section S3 and
in Section the process of generating random tensor
networks (r-1T'Ns) which are used here for comparisons is
detailed. The dimensions of the r-T'Ns are comparable with
the original T'N which is structured by considering C.elegans
connectome. All model hyperparameters of ElegansAI M1
and M2 models remain unmodified for a fair comparison.
Thus, for each experiment, only the r-7'/N-th connectome
changes for each model training by reflecting the different
random architectures generated. The ratio between accuracy
and epochs in Figures [2] can also be interpreted as learning
velocity indicators of the effectiveness of the ElegansAl M1
and M2 models with original connectome, as they achieve
higher performance, in comparison to randomly generated
ones (as shown by Figures[2] ] Supplementary Figure 3 shows
the model convergence speed and accuracy of M1 and M2 by
tracking at which epoch the minimum loss is reached. With
respect to the supervised classification problem of Cifarl0 (see
Figure [2), the accuracy on the validation set of the original
connectome (label org - red dashed line) remains stable across
epochs outperforming all the 30 r-T'N structured models. The
10 models trained with the Watts-Strogatz (WS) generative
algorithm (Label G- blue solid line) exhibit slightly better
performance, on average, compared to those structured with
the Barabasi-Albert (BA) (Label Ga- - green dotted lines) or
Erdos-Renyi (ER) (Label G3 - orange dashed lines) generative
algorithms. Similarly, in MNIST-Unsup, the WS algorithm
follows the higher accuracy values of the original connectome
only in the first epochs and then gradually decreases. On
the other hand, models structured with the ER algorithm
maintain a higher accuracy for both F'1 and Accuracy scores
in subsequent epochs without reaching the accuracy of WS.
It is noteworthy that Watts and Strogatz [71] demonstrated
the small-world property of the C.elegans connectome by
providing valuable insights into designing networks that are
similar to natural ones. This property is also reflected in the
performance comparisons discussed above.

D. Comparisons with simulated networks

After the comparison between the learning and prediction
capabilities of random and original connectomes, deep learn-
ing generators are trained on optimized original connectome
motifs to generate new ones. Thus, a second comparison
is made evaluating 48 simulated connectomes generated by
an ad-hoc designed Variational Graph Autoencoder (VGAE)
[53] (see Supplementary Section S3-2). A total of § training
sets suited for the 16 models consist of hundreds of ran-
domly rewired networks at different levels ranging from a
probability of 0.1 to 0.4. Thus, every model learns a graph
distribution from a different rewiring level and a different
rewiring topology. Once the networks are trained, several
graphs are sampled from the posterior distribution of the
generative model, conditioned by the original connectome. As
it is shown in Supplementary Figure 2, the coherence of the
selection criteria is tested a posteriori by evaluating the Jensen-
Shannon distance of the simulated connectomes with respect
to the motif entropy of the original one. The criteria described
in Supplementary Section S3 - (p. Generation VGAE) shows
in detail in which ways the 48 connectomes are selected and
then converted to a set of 7'V for M1 and M2. Similarly to r-
TN (see[I-C), these T'N are named simulated tensor network
(s-T'N). In Figure [3] ElegansAl M1 and M2 are compared by
means of the Top-1 validation accuracy over the number of
training epochs (see also Figure [3)).

In detail, Figure E] shows that the trained models based
on the original connectome (indicated by the green dashed
line) overreach the average performance of two groups of s-
TN predictors. The models trained by using the simulated
networks are divided into two groups by thresholding in half
the Hamming distanc 0, from the reference connectome.
The thresholding criteria for M1 and M2 and the s-T'N
separation are detailed in Supplementary Figure 1. In Figure
the results show that the connectomes with 7 > 0.5 have
better average performance compared to those with a 7 lower
than 0.5. The group with 7 > 0.5 is shown with orange bands,
while the other with blue bands. As shown in Supplementary
Figure 1, the threshold is decided, by observing the distribution
of connectomes obtained by leveraging VGAEs that learned
how to rewire only the latent spaces of the connectome (those
intercepted by interneurons) and those with total rewiring.

Figure [ shows that s-T'N's with respect to the randomly
rewired ones, achieve significant performance.

In detail, the s-T'Ns are divided into two groups. In the
first group there are the s-7'Ns which are generated starting
from interneuron-interneuron connectome-rewired training set
(s-T'Ns latent). In the second group there are the s-T'Ns
produced by generators trained on total rewired connectomes
(s-T'N's total). It is noteworthy that simulated networks s-7'N's
latent produced by learning the rewiring of only the interneu-
rons achieved better performance than those based on total

31t’s worth noting that such distance is, in this context, equivalent to the
notorious graph edit distance [[12] since the compared graphs completely share
nodes.
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Figure [2] shows the comparisons on the validation set by using the Top-1 Accuracy over the number of training Epochs for ElegansAl M1 and M2,

boxes (a) and (b), respectively. The models M/ and M2 are structured by the immersion of the original T'N (red dashed lines) and of 30 random tensor
networks (r-7'IN) produced by 3 stochastic generators. Specifically, r-T'N (BA) is for Barabasi-Albert, r-7'N (ER) with Erdos-Renyi and r-T'N (WA) for

Watts-Strogatz generators. See also Section

rewiring, highlighting the strength and capability of VGAE to
simulate connectomes with features that progressively become
more similar to those influenced by evolutionary pressure.

This supports the hypothesis that natural optimization can
effectively enhance the learning performance of deep learning
models. To explore this hypothesis, the relationship between
prediction performance on the validation set and the effects
of multi-dyadic and multi-anti-dyadic connections was inves-
tigated by dividing the network into chemical and electrical
synapses. Figures [5] and [6] demonstrate that multi-dyadic and
multi-anti-dyadic connections have an impact on prediction
performance on the validation set. The performance of mod-
els based on s-T'N was divided into two groups based on
the median value of the multi-dyadic and multi-anti-dyadic
magnitudes, resulting in two distinct clusters: those that had
higher magnitudes (generally the nearest to the original ones),
and those that show lower magnitudes (usually the farthest
to the original ones), represented by orange and blue bands,
respectively. As a consequence of the results shown in Section
the motif distributions are better represented by the
chemical connections, resulting in a clear separation between
the two bands. However, when considering the heterophilic
and heterophobic magnitudes in the networks mapped onto
electrical connections, the separation in performance slightly
deteriorates. Taken together, these findings indicate that the
evolutionary features of neuronal circuitry, including the ef-
fects of multi-dyadic and multi-anti-dyadic connections, can
guide the design of learning algorithms with optimized per-

formances.

E. Conclusion

The comparison between biological and artificial neural
networks highlights the remarkable complexity, efficiency,
robustness, and flexibility of the former, particularly in the
case of highly evolved brains. Although recent advances in
artificial networks have been significant, they still fall short
of matching the elevated capabilities of biological networks.
Ongoing research is essential for a complete comprehension
of the mechanisms behind neural network functioning and
the advancement of advanced artificial networks that can
accurately emulate the complexity and adaptability seen in
their biological counterparts. The study demonstrated the
growing feasibility of incorporating biological structures of
connectomes into artificial neural networks, facilitated by
the increasing of innovative methods and models (such as
transformers and attention based encoders/decoders) which
interact with our tensor network system. This immersion
has the potential to enhance outcomes in classification and
reconstruction tasks, as evidenced by the performance of our
ElegansAl models, specifically M1 for classification and M2
for reconstruction. Our work enables researchers to explore
new avenues of research that were previously unreachable. As
such, the future of neural network research is anticipated to
involve greater integration of biological and artificial systems,
leading to novel insights and breakthroughs in the field.
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Fig.3. In FigureE'comparisons in terms of validation set’s Top-1 average accuracy over the number of training epochs for ElegansAl M1 and M2 are shown
in boxes (a) and (b), respectively. The models are structured by the immersion of the original 7'N (green dashed line) and of two groups of simulated tensor
networks (s-7'IN). Groups 1 (the closest) and 2 (the farthest) stand for s-7'Ns whose structures are based on generated graphs which are the closest (orange
bands) and the farthest (blue bands) to the original connectome according to the Hamming distance, respectively (see Supplementary Section S3-2). The plots
show that models based on graphs that are closer to the original connectome tend to have considerably better average performance. See also Section

M1: Cifar10 (a) M2: MNIST Unsup (b)
T Wﬁs
| i';.' - 2 b i I ,; - ] E:
Original T W"ﬁm '
08 —rIN | I ) S
- s-TN total 0.96 | i
--=- s-TN latent
S
S 0.94
% 06 Original
S e —— r-TN
= O e 092
g a | — BIC U 4 4 T | e s-TN total
;% i ‘.‘ 5 L - s-TN latent
1Y (e e e 0se
i _ : 0.88
' 0.86
0 5 10 15 20 25 30 0 50 100 150 200 250 300 350 400
Epochs Epochs

Fig. 4. In Figure E the comparisons in terms of validation set Top-1 Accuracy over the number of training epochs for ElegansAI M/ and M2 are shown
in boxes (a) and (b), respectively. The models taken into account are the tensor network based on the original connectome (orange dashed line) the average
performance of the random tensor networks (r-7'IV, blue line), and the average performance of the simulated tensor networks (s-7'N, red and green dashed
lines). Specifically, s-1T'N_total and s-T'N_latent stand for s-T'N whose structure is generated by VGAE models, trained on connectomes with rewired edges
in the entire edge set (whole connectome) or only on the latent space edge set, that means rewiring only interneurons connections. The graphs clearly highlight
how the more randomness is injected into the network, the more performance degrades. Aside from the high performance reached by the original network,
r-T'N's show the worse performance, while s-7'N's seem to show better average performance the more they are close to the original connectome.
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Figure E] display the validation set’s Top-1 average accuracy over the training epochs for ElegansAl models M1 ((a-b)) and M2 ((c-d)). The distinct

bands (blue and orange) represent the models’ performances separated by thresholding of the multi dyadic/anti-dyadic effect measured on directed s-7'N's.
In detail, the MiDEA algorithm evaluated the motif patterns (effects) only on the chemical (directed) shortest paths of length 2. Successively the s-T'N's are
grouped based on the normalized intensity of the multi-dyadic/multi-anti-dyadic effects, into two different bins (orange range - higher (= 0.5), blue range -
lower (< 0.5)). The s-T'Ns with the stronger directed dyadic/anti-dyadic effects generally tend to have better performance. See also Section @



(a) Electrical M1 Dyadic effect (b) Electrical M1 Anti-Dyadic effect
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Fig. 6. Figure |§| display the validation set’s Top-1 average accuracy over the training epochs for ElegansAl models M1 ((a-b)) and M2 ((c-d)). The distinct
bands (blue and orange) represent the models’ performances separated by thresholding of the multi dyadic/anti-dyadic effect measured on undirected s-7"N's.
In detail, the MiDEA algorithm evaluated the motif patterns (effects) only on the electrical (undirected) shortest paths of length 2. Successively the s-T'N's
are grouped based on the normalized intensity of the multi-dyadic/multi-anti-dyadic effects, into two different bins (orange range - higher (= 0.5), blue range
- lower (< 0.5)). The s-T'Ns with the stronger undirected dyadic/anti-dyadic effects generally tend to have better performance. See also Section@
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III. METHODS
A. ElegansAl

This section provides an overview of the design process
for ElegansAl. It begins with the transformation of a
connectomic structure, whether it is the original one of
C.elegans, bio-plausible or randomized, into a tensor network
TN. Subsequently, the TN is immersed into well-known
deep-learning architectures. Section details the
construction of the T'N starting from a graph/connectome,
which specifically mimics the structure of a neural circuitry
composed of three classes of neurons: sensor, inter, and
motor neurons. Furthermore, Section introduces
transformer and autoencoder inspired architectures which are
implemented to incorporate the T'Ns in their latent spaces.
The architecture parts which encompass the T'N's are referred
to as the external environment (E). In Section these
architectures are specifically designed to address classification
and reconstruction problems on images. The transformer-like
model M1 is employed to solve a classification problem
based on the Cifari0 dataset [73]], which is a collection of
60000 32 x 32 x 3 pixel RGB images for 10 classes with
6000 images per class. According to the official repository,
50000 images are used for training and 10000 for testing
purposes ﬂ Conversely, the autoencoder-inspired model M2
works on the MNIST dataset [74], [SO] in an unsupervised
fashion for image reconstruction. MNIST is a collection
of gray-scaled digits of size 28 x 28 for a total of 60000
training images and 10000 testing images (according to
MNIST official repository E} As shown in Figures [7| and
the architectures of the different Es vary (contingent upon
the specific task being addressed), while the T'Ns can be
considered as interchangeable modules because they are
independent of the specific task.

1) The tensor network: The T'N resulting from the collec-
tion of connectome/graphs S is constructed by allocating a
tensor unit # for each node/neuron, rather than a single tensor
unit representation per edge. Therefore, each edge/synapse,
chemical or electrical, corresponds to an edge connection
at the architectural level between two different tensor units.
The transformation algorithm is depicted with the pseudo-
code as reported in Supplementary Materials Algorithm 1. The
first part of the transformation algorithm is an initialization
phase which involves scanning all nodes labeled as sensor
neurons on the s-th connectome Sy, then assigning the same
feature map 6,,;; from the previous layers of the external
environment E;,, (see also Supplementary Material Algorithm
1 -Init Sensors function). The other associations between
tensor units fs are represented in the core of the latent space,
and the operations between tensor units are mapped into the
so-called computational graph (which allows TensorFlow to
track a non-linear mapping of all the mathematical operations
between tensors). In the second part of the algorithm (see also

4Cifar10 official repository - Last queried on 6th March 2023
SMNIST official repository - Last queried on 6th March 2023

Supplementary Materials Algorithm -Create Tensor Net), the
cascading scan of the s-th adjacency matrix Ag continues, by
searching dyadic and anti-dyadic connections. In the first scan,
the algorithm searches nodes labeled as motor neurons and
interneurons which are linked with sensors. If the -th sensor
node is connected to the j-th motor neuron or interneuron
and the latter has not been already allocated, a new tensor
unit is allocated, and a functional connection is established
from ¢ to j in the latent space architecture. Accordingly,
the computational graph is updated. As the whole adjacency
matrix is scanned, all directed (chemical) and undirected (elec-
trical) connections are allocated as connections (¢, j) between
the involved tensor units. The second scan of the adjacency
matrix is used to allocate all connections between interneurons
and sensors/motors, and the last scan similarly establishes
connections between motors and interneurons/sensors. If a
dyadic connection is present on S, the algorithm allocates
tensor units establishing edge associations between neurons of
the same type (i.e sensor to sensor, etc..). To account for mul-
tiple incoming edges without information loss or overwriting
between dyads and anti-dyads, the transformation algorithm
replaces the single tensor unit per neuron with an element-
wise multiplication of tensor units of the same tensor shape.
As shown in Figure [T}e, the skip connection by multiplication
is denoted by the symbol &. Finally, the output motor unit
tensors are collected and stacked. Once the motor tensors are
stacked, they are fed into a multi-head attention layer p; that
interfaces with the external environment represented by the
E,y¢ (Figure (1] - (f)) In conclusion, the algorithm follows a
logic of edge association consistent with that of the original
graph, according to the directionality of the artificial neural
architecture and its computational graph. The building of non-
linear topology is supported by leveraging the connection
modularity of Keras Functional API. Post-processing on the
operational latent space tensor network, such as the presence of
backward connections and cycles on the computational graphs,
are resolved by the Grappler optimizer of Tensorflow [75].
2) The external operational environment: As depicted in
Figure[I] the connectome-derived T'N is structured as a latent
space embedded within the external environment (E;,,, E).
Generally, the function of E;,, is to encode the input feature
maps for the sensor neurons of T'IN, whereas E,,; serves as
a decoder in reconstruction tasks or as a classifier in classi-
fication tasks by operating with motor neurons. As illustrated
in Figures [7] and [§] the external model components can be
conceptualized as an artificial exposome that interacts with the
artificial connectomes contained within (LS latent spaces in
yellow boxes). Alternatively, each i-th environment (Eéin,ou t))
can be considered as the environment of an intelligent agent
equipped with motor and sensor tensors functioning as ac-
tuators or sensors. Specifically, a transformer-inspired model
M1 : Ef,, —» TNy, — E|,,, with ¢ tensor networks is
employed for image classification [23]], while an autoencoder-
inspired model M2 : E%m) — TN — E%Out) is utilized
for unsupervised digit reconstruction. To preserve a clear
distinction between the external environments and the tensor
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networks in all proposed models, no supplementary design
modifications, such as incorporating skip connections or oth-
ers, have been introduced between E;,, and E,,,;, aiming to as-
sess the model’s expressive capacity and effective complexity
[76] of the original, randomly rewired, or generated/simulated
TNs.

3) Preprocessing and data augmentation : All images
inputted to M1 and M2 have undergone a preprocessing and
data augmentation phase within their respective input environ-
ments as usually applied in the Literature [24]. Specifically,
in Cifarl0 for M1 a central crop of 75%, resulting in 24 x 24
images is applied. Then, data augmentation is performed
by applying 4 transformations: the first transformation is a
rotation with a range of 15 degrees, which introduces a degree
of variation to the orientation of the images, making the
model more robust to rotations. The second transformation
is horizontal flipping, which involves mirroring the image
along its vertical axis. This transformation is applied with a
probability of 0.5, allowing the model to learn from images
with reversed orientation. The third and fourth transformations
are width and height-shift with a range of 0.1, which involve
shifting the images horizontally or vertically by up to 10%
of their width or height. This allows the model to learn from
images with slight variations in position, which can occur due
to changes in camera angle, object placement, or other factors.
In M2 that focuses on grayscaled MNIST images, instead of
performing a central crop, a binary thresholding equal to 0.3
is applied to the images. The binary thresholding simplifies
the images and removes any noise or unnecessary details that
may not be useful for the digit unsupervised reconstruction.
After thresholding, data augmentation is applied by using two
types of transformations: width and height shift range to 10%
and a zoom range of 10%. These transformations are used to
generate slightly different versions of the same digit, which
increase the size and diversity of the dataset and prevent
overfitting.

4) Model architectures:

a) M1 - Transformer-inspired ElegansAl for Cifarl0:
The architecture of the external environment E;, ,,+) and the
latent space (LS) for M1 is shown in Figure|7} To obtain a set
of flattened patches (n,, = 4), the original images on 3 channels
are reshaped and patched with equal dimensions. Then, the
n, patches follow two branches. The first branch bypasses
the latent space LS (blue arrow in Figure [7). Meanwhile, the
patches in the second branch enter the LS, where a replica
of the tensor network (T'N, with ¢ = [1 : 4]) is configured
for each ¢-th flattened patch ([p1, p2, ps, pa]). In the LS, as
described in the transformation algorithm (see Section [[II-AT),
all the fully connected layers of the g-th TN, named tensor
units 65, are allocated with 432 neurons (resulting by flattening
the 3 channels x 144 neurons) and a rectified linear unit
ReLU 1is used as the activation function. According to the
initialization function of the transformation algorithm (see
Section - Init Sensors function ), each input flattened
patch is assigned to the group of sensor layers (label ”S”),
one for each T'N replica (see Figure [/| - (c) - blue nodes).

Note that each of these T'N replicas processing a patch of
the input shares weights with all the others, which drastically
reduces the trainable parameters, especially compared with
other state-of-art transformer networks, like ViT, BEiT or
CvT [24], [60], [25], and even some parameter-optimized
convolutional architectures like EfficientNetV2 [20]. Once the
information flows from sensors to interneurons, the output
of the TN in the LS is collected from the fully connected
layers labeled as “motors” and reshaped according to the size
of the initial patches. Thus, for each replica of the T'NV, a
single feature map is extracted by the application of a multi-
head attention pq(H, K) with a head-space H equal to the
number of allocated # motor layers and a key space K fixed
to 32 (which is approximately one-third of the number of
motor neurons). 1 (H, K) is applied to both the flattened input
sensors and the motor layers. To keep track of relative patch
positions along the model, the feature maps in output from
the LS (violet arrows of Figure [/) are arranged by applying a
positional embedding layer (Figure [7]- (d)). Once the features
are positionally embedded, they are provided in input to a
feature space condenser as shown in Figure[/|(e). In both M1
and M2 setups (see also paragraph [[IlI-A4b), the condenser’s
role is to merge and reduce the feature space in the output
obtained from the TN s. Then, these features are selected with
respect to a reduced feature space built by applying a second
multi-head attention (i) driven by a drop-out of 10%. The
u2 (N, C) layer has a number of heads N equal to the number
of input patches (N = n,) and a key-space C' equal to the
number of neurons equivalent to the number of possible C-
classes (for Cifar10, C = 10). It is worth noting that multi-
head attention layers (141 and ps) are commonly used in self-
attention mechanisms. However, in this type of transformer,
they are applied for encoder-decoder attention mechanisms. In
the output from po, for each H, the second-last Reduce Mean
layer computes the mean of elements across the C' dimensions
producing a C'-dimensional vector. The latter is in input to the
last fully connected layer F'C' with C neurons and a ReLU
as an activation function.

b) M2 - Autoencoder-inspired ElegansAl for MNIST:
In Figure an autoencoder-like architecture is depicted,
which encompasses a single T'/N. Compared to the preceding
transformer-like architecture (see previous paragraph [[lI-A4a)),
where each individual patch was allocated to a different T'N,
this architecture immerses a single 7T'N directly into the
LS. Figure 8| - (a) shows how in the external environment
E,;,, an encoder is designed to progressively extract abstract
representations of the input features via 2D-convolutional
(2DConv) and max-pooling (MaxPool) layers. Figure [§] - (d)
shows how the decoder E,,; operates for image reconstruction
starting from the output of the latent space to the original
target via 2DConv layers supported by bilinear interpolation
for upsampling features (UpSample). In Figure [§ boxes (a) and
(d), the number of layers in the encoder is less than that in the
decoder. This imbalance could provide certain advantages [77].
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Fig. 7. Architecture of ElegansAI M1 - Cifar10: Figure[]]illustrates the

architecture of the external environment E and the latent space (LS) for M1.
In Figure [7|- Box E;n(a), the input layer undergoes patching and reshaping
operations to obtain flattened patches. In Box LS(c), the patches enter the
latent space LS into ¢ = 4 independent replicas of T'IN where sensors are
shown in blue, interneurons in red and motors in green. The T'N’s 6 tensor
units are fully connected layers with 432 neurons and a rectified linear unit
ReLU as the activation function. In Equt(d) the output of each T'Ns is
collected from the s labeled as “motors” and reshaped to match the 12x12x3
size of the initial p,, with n = [1,2, 3, 4]. This is because in LS(c) a single
feature map is extracted, in comparison with input patches p, for each TN
replica by using multi-head attention 1 (M, 32). Where M = 86 is equal
to the number of allocated motor layers. In Equt (d) the patches that bypass
the LS (blue arrow) and those from the T'N's (violet arrows) are positionally
embedded. Then, the two positional embedded layers are provided in input
to the feature space condenser (Figure [/| - (e)). In this case, the condenser
composed by a second multi-head attention layer u2(N, C), which has a H
equal to the number of N-produced input patches and a C' = 10 and by a
ReduceMean the averages the output of . Then, in Eoug (f) it is provided
in input to the last fully connected layer F'C' with 10 neurons.

For instance, given the presence of a dimensionally significant
TN in the LS, overloading the model with an extensive-
dimensional encoder is unnecessary. As in M1, the building
procedure of the T'N involves the transformation algorithm
(see Section [[II-AT) by allocating fully connected layers of
784 neurons with an Exponential Linear Unit (ELU) activation
function. As displayed in Figure [§| (b), the feature maps in
output from the E;, are flattened and follow two separate
branches (blue and violet). The blue branch transports the
features to a single fully connected layer of 784 neurons
(28 x 28), after which layer normalization is executed (green
LayerNorm Box in Figure [§] - (b)). With a longer path, the
violet branch conveys the features to the single 7'N; as in

M1, multi-head attention w7 is applied, followed by a fully
connected layer of 784 neurons (FC(784)). The latter layer
also undergoes layer normalization (Figure [§] - second green
LayerNorm in the violet path of Box (b) ). The tensors output
from the blue and violet branches are point-wise multiplied to
generate a single output tensor. The mechanism of applying
layer normalization and multiplication, despite the absence of
some tensorial operations, could be regarded as a very simple
alternative to the po multi-head attention in the condenser
block of M1 (Figure [/|- Box (e)). The tensor in output from
layer Multiply is fed into a feature space condenser block (Fig-
ure 8] (¢)), where a series of fully connected layers, containing
512, 256, and 128 units respectively, further reduce the feature
space. The output from M2 condenser to the decoder of Eqy¢
is normalized by using a traditional batch normalization after
reshaping the reduced features into a tensorial form of 4 x4 x 8.
In Figure[§| Block (d), generally, the architectures are designed
with smaller blocks and progressively diminish the number
of filters in reconstruction; nevertheless, in this instance, a
large number of filters is maintained, while the feature map’s
dimensions are progressively increased [20], [29], [67]. In all
the layers considered within the various parts of M2, the ELU
activation function is employed. The only exception is the
final layer that leads to the target, which utilizes a sigmoidal
activation function.

5) Training configurations: The models M1 and M2 of
ElegansAl are trained with different parameter configurations
and optimization functions. In our case, given the complexity
of Cifarl0 with respect to MNIST, it is important for M1
to choose an optimizer that provides balanced importance to
rare features. For this reason, the optimizer chosen for M1
is AdaDelta [I8]. AdaDelta optimizer adjusts the learning
rates based on recent gradient updates instead of storing all
past gradients, resulting in a slower convergence on frequent
features while also taking into account infrequent ones. The
decay rate p for AdaDelta is set to 0.95. The second hyper-
parameter is the precision e which is fixed to e = 1.07".
The M1 AdaDelta optimizer is configured with an initial
learning rate [rps1 equal to 0.01. On the other hand, for the
unsupervised reconstruction problem of MNIST-Unsup, Adam
[79] is chosen for M2 because it offers a robust and faster
convergence on simpler datasets. The optimizer’s learning rate
for M2 is fixed at 0.001 (Irp;2 = 0.001). The M1 model is
trained using the original connectome of C. elegans, resulting
in TN having 107,360,964 trainable parameters, while for
M?2 with the same TN, the number of trainable parameters
decreases to 87,852, 914. However, on simulated connectomes
or those that are randomly rewired, the dimension of T'IN
may vary and, accordingly, the number of trainable parameters
may also change. Various types of initializers and regularizers
can be applied at different levels of the architecture during
the optimization procedure to prevent bias and ensure weight
regularization. In M1 a correct weight updating of the lower
layers of the model may be affected by the vanishing gradient
problem inflating the whole learning process. Thus, according
to [80], the kernel weights of the last fully connected layer
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Fig. 8.  Architecture of ElegansAIl M2 - MNIST: In Figure @ an
autoencoder-inspired architecture is depicted for M2. Box (a) showcases
an encoder situated in the external environment E;,, comprised of two
successive 2D-convolutional (2DConv) layers respectively followed by max-
pooling layers (MaxPool). Within box (b), the architecture of the latent space
LS is displayed, featuring two distinct branches. The violet branch directs
the extracted features towards the sensor 6 of a singular tensor network T'N.
As depicted in Figure m a p1 layer is employed to identify the most salient
features among motor neurons (illustrated in gray). The blue branch serves
as a more direct pathway and in this case, it is utilized to calibrate the TN
prediction through the implementation of a point-wise multiplication layer
(®). Within the LS, box (c) illustrates a series of three fully connected
FC layers with gradually decreasing sizes, ranging from 512 to 128. These
layers are subsequently reshaped and subjected to batch normalization, prior
to being provided as output to the decoder block in Equt (Box (d)). The
decoder block, as represented in Figure @ - (d), consists of a sequence of
Conv2D layers followed by upsampling via bilinear interpolation (UpSample).
The transformations of tensor shapes after each tensorial operation are shown
accordingly.

FC(C) (Figure[7|- Box f) are initialized with Glorot Uniform
distribution. The latter is helpful also to avoid the exploding
gradient problem. For M2, a more extensive intervention is
required to avoid gradient-related issues. Therefore, in M2,
the kernel weights are initialized utilizing the Glorot uniform
distribution, while the bias weights are initialized with a
zero-wise distribution. The final convolutional layer of M2

(Figure [8] - Box (d) is regularized employing ¢; regularization
[81] with a penalty parameter of 0.0001 ( ¢; = 1.07%).
The models’ training is improved by using random image
selection with a fixed seed to create the batches. The batch
size of M1 is by;y = 32 while for M2 it is by = 128.
During the model training, overfitting was prevented by using
early stopping. M1 and M2 performances on the validation
sets were monitored according to the evaluation metrics Top-
1 accuracy (see also Supplementary Section S2-C), and the
weights obtained at the end of the best epoch were saved to
guarantee maximum accuracy and generalization. Specifically,
early stopping occurred at the 30th epoch for M1 and at
the 400th epoch for M2. As previously discussed, the tasks
addressed by M1 and M2 were intentionally made distinct.
M1 is a supervised classifier, while M2 is an unsupervised
grayscale image reconstruction model. The choice of the
loss function for each model was accordingly tailored to
the specific task. For M1, where the ground truth class is
represented as an integer, the sparse categorical cross-entropy
loss function Ap;; was employed. On the other hand, for M2,
where the goal is to minimize the pixel-by-pixel reconstruction
error, the binary cross-entropy loss function A\pso was used.

B. Connectomes Description and Generation

1) The reference  connectome:  The  connectome
anterior/pharynx part of the hermaphrodite free-living
nematode C.elegans consisting of 279 neurons and 3225
chemical and electrical weighted edges is analyzed. The
C.elegans complex network is accurately reconstructed by
[55], [82] and made free-available on the online repositoryﬁ
Several C.elegans nervous systems are provided in the
Literature, however, the network of Varshney et al. [53] is
chosen as reference connectome because it is well annotated
with respect to the full C.elegans network representation
of 302 neurons originally provided by White et al. in 1986
[83]. The reference connectome, at the node level, presents
three-class labels for neurons of type sensors, interneurons,
and motors. Furthermore, at the edge level, the authors
made available: (a) a weight that represents the number of
between-neuron connections summing up at 13.000 synapses
and (b) a binary label that indicates if the synapse is chemical,
that is a directed edge, or electrical, an undirected edge.
Moreover, the reference connectome is enriched by additional
information, such as types of neurotransmitters, neuron soma
positionsﬂ and other details like the neural cell class, at the
node level. Furthermore, neurotransmitter type information
and neurons’ soma position are used to enhance the structural
understanding of the generative tensor network models (see

also [[I-D).

Shttps://neurodata.io/project/connectomes/| (GraphML data format) - Last
queried on 6th March 2023

7Along the length of the nematode from the head to 0.83 mm on z-axis,
an adult C.elegans has an average length of max of 1.5mm. However, in the
network of Varshney et al. [55] only the anterior/pharynx part of the worm is
considered.
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2) Random and simulated connectomes: In this work, four
different classes of networks are transformed into T'N's and
compared with the T'N derived from the original connectome.
Three classes of 30 random small world graphs are generated
using stochastic algorithms: Erdos-Reenyi G (ER), Barabasi-
Albert G2 (BA), and Watts-Strogatz Gz (WS). These models
generate features both by random wiring edges and random
enriching edges and nodes with labels to signify the type of
connection and type of neuron. In the WS model, an integer
constant is used to set the median density limit, while in
the models of BA and ER, the probability of insertion is
evaluated at exactly 0.5. Careful pruning is done to avoid
creating connected components. These random networks are
then converted to neural models that take the name of r-7T'N's
(see also Supplementary Section S3).

To better represent the characteristics of the original connec-
tome, a desirable feature of a generator would be the ability
to learn the effects of evolutionary optimization on connec-
tome graphs. This would allow the generator to retain the
features learned from ad-hoc rewired reference connectomes
and produce new ones. To this end, a total of eight sets
of rewired connectomes are collected. Each of these sets is
created by randomly rewiring a certain percentage of the edges
from the original connectome, creating two types of rewired
connectome: the first type (fotal) involves the rewiring of the
whole edge set, the second one (latent), instead, regards only
the rewiring of the interneuron-interneuron edge set. These sets
are then used to train a fourth class of graph generators, Gy,
which is based on Variational Graph Autoencoders (VGAE).
This unsupervised Graph Neural Network (GNN) framework
uses latent variables to learn meaningful node embeddings
incorporating structural information of the input graph. The
VGAE models are trained using two slightly different loss
functions: a variational lower bound and a regularized version
of it. The latter employs a regularization term that slightly
shifts the motif distribution learned by the VGAE towards the
original connectome.

After training, the G4 generators are applied to each VGAE
model by using the generation procedure Ag, (details in
Supplementary Section S3-B(a)). First, a set of T' = 2500
probabilistic adjacency matrices is sampled from the posterior
distribution of the generative model, conditioned by the orig-
inal connectome graph. The generated adjacency matrices are
refined with a strategy that enforces generation diversity while
maintaining structural similarities with respect to the reference
connectome. Finally, a representative set of networks is chosen
by sampling a subset of 6 from the 5000 generated networks
for each rewiring percentage and type. The networks are gen-
erated by sampling from quantiles, based on distances from the
original connectome. These distances are measured using the
Jensen-Shannon metric applied to the adjacency matrices (see
Supplementary Section S3-B(b)). Although the generators can
establish different connections between nodes, the number and
the characteristics of the nodes remain unchanged, enabling a
comparison between the generated adjacency matrix and the
original one. In terms of motifs entropy, the Jensen-Shannon

distance increases as the level of rewiring in the generated
graphs and the distance from the original connectome increase,
as shown in Supplementary Figure 2. The chosen graphs are
then converted to neural models producing the so-called s-
TN, type total and latent. (see also Section [[II-B2).

C. MiDEA: Multi Dyadic Effect Algorithm

MiDEA is an algorithm tailored to analyze evolutionary
optimization in both directed and undirected parts of the
connectome. It scrutinizes various neuron types and their
circuitry to appraise the dyadic/anti-dyadic effect. As an
extended version of the algorithm by Park and Barabasi [S7],
the process of examining evolutionary conservation involves
a structured protocol that includes the assessment of motif
distribution attributes and entropy. The analyses of dyadic/anti-
dyadic effect motifs on complex networks are also described
in our previous works on E.coli [84]. MiDEA, in its initial
phase (refer to Supplementary Section S1-A), takes into ac-
count three distinct neuron categories: sensors, motors, and
interneurons. It evaluates the functional relationships among
these neurons, accounting for connections both within the
same neuron type (dyad) and between different types (anti-
dyad). The algorithm then calculates the dyadic effect across
these three neuron classes and quantifies its comprehensive
magnitude m within the studied connectome. In the second
phase (refer to Supplementary Section S1-B), the MiDEA
algorithm extends the previously described procedure to ev-
ery potential shortest path between any two nodes in the
connectome, resulting in a collection of multi-dyadic effects
that capture the influences along various pathways. During the
third phase (see Supplementary Section S1-C), the algorithm
gauges the information content linked to these multi-dyadic
effects, offering insights into their significance and informative
qualities. The fourth phase (refer to Supplementary Section
S1-D) involves juxtaposing the original connectome with
randomly rewired counterparts. This allows for a discerning
understanding of the disparities and commonalities between
the original and the rewired connectomes. MiDEA, along with
the information content analysis, serves as a tool to grasp
the evolutionary optimization of the connectomes before being
transformed in T'N's (C. elegans TN, s-T'Ns or r-T'Ns). This
examination particularly concentrates on the distribution of
neuron types within the context of electrical and chemical
synapses, offering a methodological approach for investigating
evolutionary characteristics and informing the design of neural
networks.

SOURCE CODE AVAILABILITY

The Python code necessary to replicate the experiments is
available in an online repository, in compliance with the poli-
cies of Nature Machine Intelligence. Subsequently, the code
will be made publicly available on a GitHub repository and
linked to the Elegans.Al website to facilitate its dissemination.
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