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Abstract

A central idea in understanding brains and building brain
neural networks is that structure determines function. How-
ever, the brain’s connectome is a massively high-dimensional
graph, making the direct investigation of its structure-
function relationships computationally intractable. Therefore,
identifying a compact, low-dimensional representation that
captures the connectome’s essential structural organization
is crucial for elucidating these relationships. We introduce
a generative model to learn this underlying representation
from detailed connectivity maps of mouse cortical microcir-
cuits. Our model successfully captures the essential struc-
tural information of these circuits within a compressed latent
space. We then associate specific network structures, as en-
coded in this latent space, with computational functions us-
ing reservoir computing tasks. Building on this, our method-
ology allows for the controllable generation of novel, syn-
thetic microcircuits with desired structural features by navi-
gating the learned latent space. This research paradigm estab-
lishes a computational testbed to systematically investigate
the brain’s inherent structure-function relationships. The abil-
ity to generate diverse, bio-plausible circuits could inform the
development of more brain-like artificial neural networks.

1 Introduction

The relationship between structure and function is a core
idea in both neuroscience and the development of artificial
intelligence (Vazquez-Rodriguez et al. 2019; Clark 2023;
White et al. 2023). The brain, with its extraordinary capa-
bilities, inspires us to build better Al systems (Zador et al.
2023; Osegi 2023; Hassabis et al. 2017; Lecun, Bengio, and
Hinton 2015). The maps of brain connections are called con-
nectomes (Sporns 2013; Sporns, Tononi, and Kotter 2005;
Sporns 2011), whose structure is incredibly complex (Crad-
dock, Tungaraza, and Milham 2015; Collin and Whitfield-
Gabrieli 2023). Studying connectomes is important because
they hold clues about how the brain processes informa-
tion and learns (Elam et al. 2021; Bargmann and Newsome
2014). However, given that the brain’s connectome is a mas-
sively high-dimensional graph, it is impractical to directly
investigate which structures within the connectome itself
yield specific functional performance. Therefore, the objec-
tive of this paper is to find a low-dimensional representation
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that captures the key features of the connectome. This new
paradigm leverages this low-dimensional representation as a
novel tool to investigate structure-function relationships.

In this work, we focus on cortical microcircuits, which are
small, repeating patterns of cortical connections that can be
thought of as fundamental building blocks and basic compu-
tational units of the brain (Douglas and Martin 2004; Miller
2016). We primarily implement this new paradigm for in-
vestigating structure-function relationships using data from
the MICrONS program (Consortium et al. 2023), which has
produced a large and detailed connectome dataset from the
visual cortex of a mouse. This dataset provides an unprece-
dented opportunity to study the organization of these micro-
circuits. As a supplementary study, we also conduct simi-
lar investigations on the FlyWire connectome dataset from
the fruit fly (See Appendix L). The source code for this pa-
per is available at https://github.com/Criticality-Cognitive-
Computation-Lab/Connectome-Analysis- VAE.

Our primary contributions are as follows:

1. We propose a new paradigm for investigating the
structure-function relationships of the brain connectome,
which we implement on connectome data from both mice
and fruit flies. While the core paradigm remains consis-
tent, the specific datasets and model architectures differ
between species. Due to space constraints, this paper pri-
marily details the model for the mouse connectome, with
results from the fruit fly experiments presented in the Ap-
pendix L.

2. We introduce a Variational Autoencoder (VAE)-based
generative model specifically designed to learn a com-
pressed latent representation of microcircuit topology
from this mouse visual cortex data.

3. Crucially, we demonstrate that specific aspects of this
learned latent space show strong, understandable rela-
tionships with key structural properties of the microcir-
cuits, such as how densely connected they are or how
they form clusters. This means we can find meaningful
ways to describe the core variations in circuit structure.

4. Building on this, we propose a method for the controlled
generation of microcircuits. By carefully adjusting these
meaningful aspects in the latent space, our method can
create new, artificial network structures that have specific
desired characteristics.



5. We investigated the influence of connectivity patterns on
network function across various tasks. Utilizing control-
lably generated networks, we constructed reservoir net-
works and demonstrated that networks generated by the
VAE to emulate brain-like connectivity patterns exhib-
ited enhanced task performance compared to randomly
connected networks of the same density. Furthermore, we
found that alterations in specific structural features had
an approximately monotonic effect on the performance
of certain tasks.

To our knowledge, the application of VAE for control-
lable generation of high-resolution structural microcircuits
and for the understanding of structural-function relationship
has not been done before. Furthermore, understanding the
brain’s structure could eventually help in designing more ef-
ficient and capable artificial neural networks.

2 Problem Definition

Our overarching goal is to develop a computational frame-
work that learns a low-dimensional generative represen-
tation of brain microcircuit topology. This representation
is intended to serve as a new paradigm for investigating
structure-function relationships, providing a basis for con-
trollably generating novel microcircuits with desirable prop-
erties. We define two primary objectives:

2.1 Learning Compact Generative
Representations of Microcircuit Topology

Given a dataset of N biological microcircuit graphs, denoted
as Gaaa = {GM,G?) ... GV}, the first objective is to
learn a low-dimensional latent representation z(*) € R?: for
each microcircuit G, Each microcircuit is represented as a
graph G = (X A®), where X ¢ R"*% is a ma-
trix of node features for its n; neurons (with d, feature di-
mensionality), and A() € {0,1}%*" is its adjacency ma-
trix indicating synaptic connections. In this work, since the
number of nodes varies across the graph data, we pad each
adjacency matrix to a fixed size of 100x100. For consistent
processing, a canonical node ordering 7 is assumed for in-
puts to certain model components, thus we may refer to an
ordered graph as gﬁr”.

This learned latent representation z(Y) must be generative.
That is, we aim to learn a probabilistic model py(G,|z) ca-
pable of generating realistic microcircuit graphs from these
latent codes. The quality of this representation will be as-
sessed by its ability to:

1. Faithfully reconstruct observed graph structures and their
topological properties from their latent codes.

2. Generate novel, diverse graphs that capture the statistical
characteristics of the biological training data.

2.2 Controllable Generation of Microcircuits
with Target Properties

Building upon the learned latent space Z (the space of all
z) and the generative model py(G,|z) from Section 2.1, our
second objective is to enable the controlled generation of
novel microcircuits.

Specifically, given a target structural, dynamical, or func-
tional property P (e.g., a specific mean degree, clustering
coefficient, or level of assortativity), and a desired value
tiarger fOr this property, the goal is to synthesize new con-
nectome graphs G new. These generated graphs should:

1. Optimally satisfy the specified constraint, meaning the
property P for G new should be close to fiaree. We denote
this constraint as 7.

2. Preserve general topological and dynamical characteris-
tics inherent to biological neural microcircuits, ensuring
they remain plausible.

Formally, this requires effectively sampling from, or being
guided by, a conditional probability distribution p(z|7) in
the latent space. Latent vectors z,ey drawn from this distri-
bution are then decoded using py(G|Znew) to produce the
desired microcircuits.

3 Related Work

Analyzing the structural organization of brain connectomes
is fundamental to understanding the intricate relationship
between brain structure and function (Xia, Wang, and He
2013; Chen et al. 2018). A number of methods have been
used to address this link, including statistical models (Misi¢
et al. 2016), communication models (Goiii et al. 2014), and
biophysical models (Honey et al. 2007; Breakspear 2017,
Chen, Scherr, and Maass 2022; Chen and Gong 2019, 2022).
By modeling brain networks as graphs, researchers employ
graph-theoretic approaches to reveal key topological prop-
erties that underlie efficient communication and cognitive
processes (Kan et al. 2022; Said et al. 2023). Understanding
how these structural features relate to functional dynamics
is a central goal in connectomics.

To investigate the principles governing connectome for-
mation and organization, generative models have been de-
veloped. Early approaches typically relied on a small set of
predefined wiring rules or biological principles, such as cost-
efficiency or growth mechanisms, to replicate observed net-
work features in silico (Betzel et al. 2016; Kaiser and Hilge-
tag 2004; Henriksen, Pang, and Wronkiewicz 2016). While
successful in capturing certain global properties, these rule-
based methods often lack flexibility and depend on manu-
ally specified or constrained generative factors, limiting their
ability to explore the full complexity of biological variabil-
1ty.

More recently, deep generative models, such as Vari-
ational Autoencoders (VAEs), have emerged as powerful
tools for analyzing and synthesizing complex data like brain
networks (Yu et al. 2022; Zuo et al. 2023). These models are
particularly well-suited for learning a low-dimensional la-
tent representation of the network data, effectively perform-
ing dimensionality reduction. Furthermore, by manipulating
or sampling from this learned latent space, these models en-
able the controlled synthesis of novel, biologically plausible
network configurations, offering new avenues for exploring
connectome variability and its functional implications (Tan
et al. 2022; Dong et al. 2023). Prior works have also applied
graph VAEs to macro-scale functional connectomes for dis-



criminative tasks or developmental modeling (Behrouzi and
Hatzinakos 2022).

4 Method
4.1 MICrONS Dataset and Preprocess

We adopt the ITARPA MICrONS dataset (Consortium et al.
2023), which encompasses a 1.4 x 0.87 x 0.84 mm volume
of cortex from a P87 mouse, containing neurons within the
area and their interconnections, which is the sole source for
such high-resolution connectivity in cortex. Given the cor-
tex’s division into six distinct layers, each associated with a
specific level of information processing (Jones 2000; Felle-
man and Van Essen 1991; Reid and Alonso 1996), our study
concentrates on cortical microcircuits organized as vertically
oriented functional columns that traverse all laminar lay-
ers (Callaway 1998; Douglas and Martin 2004). To model
these microcircuits, we extracted cylindrical subvolumes
oriented perpendicularly to the cortical layers. Each cylin-
drical unit comprises 80-100 neurons (both excitatory and
inhibitory neurons), preserving intra-column connectivity
while excluding connections extending beyond the colum-
nar boundary. Our VAE was trained on 3,285 circuits from
MICrONS dataset. The test set was from a spatially disjoint
region to prevent data leakage.

Focusing only on network topology, we treat each cir-
cuit as a binary directed graph. We establish a canonical
ordering rule, 7, sorting neurons by their y-coordinates (re-
flecting cortical depth). This depth-based ordering is a de-
liberate choice, as it is both biologically significant (the y-
coordinate inherently encodes the cortical layer) and tech-
nically crucial. Without this consistent ordering, determin-
ing the correct correspondence for element-wise comparison
between original and generated adjacency matrices becomes
intractable. Neuron type and synapse weight information are
temporarily disregarded, as this work focuses solely on the
topological structure.

We applied a consistent methodology to the fruit fly con-
nectome. While the overall paradigm of using a generative
model to learn a low-dimensional topological representation
remains the same, the specific VAE architecture was adapted
to accommodate the different structural properties of the fly
brain.

4.2 Connectome Graph Variational Autoencoder

The goal is to find latent representations similar to in-
formation bottleneck. Adopting a variational autoencoder
(VAE) (Kingma and Welling 2022) on the connectome data
can be formulated as follows: Assume a set of training con-

nectome graphs G = {97(:)} is generated from the dis-
tribution of a set of unobserved latent representation z =
(21, ..., Zm ), where z2(Y) ~ py.(z) and training data is sam-
pled from true conditional pg-(G,|2). The data genera-
tion process is denoted by pg (G |z). Following the standard
VAE setting (Kingma and Welling 2022), we approximate
the intractable posterior by ¢4(2|G-) ~ pe(z|G,) and max-
imize the evidence lower bound on the marginal likelihood
of graph G(:

log po(GL) > £(9,6:G1))
—E, (ot [0800(012)] — BKL [a6(2165) Ipo(2)] .

where [ is a hyperparameter to balance the reconstruc-
tion loss and KL-divergence loss during the training pro-
cess (Higgins et al. 2016).

The proposed VAE model for connectome graphs com-
prises four main components. First, a node feature encoder
employs a multi-layer, multi-head Graph Attention Network
(GAT) (Velickovi¢ et al. 2018; Vaswani et al. 2023) to com-
pute an embedding vector for each node. Second, a graph
global encoder, which is a transformer encoder augmented
with a special token (Devlin et al. 2019; Winter, Noé, and
Clevert 2021; Vaswani et al. 2023), extracts an embedding
for the entire sequence of node embeddings. This extracted
sequence embedding serves as the graph-level embedding,
upon which a 32-dimensional mean and variance are com-
puted. The reparameterization of a standard VAE is applied
to this 32D latent embedding representing the whole graph.
Third, a node feature decoder, which is a transformer de-
coder, takes the graph-level embedding as input to recon-
struct node features necessary for subsequent edge predic-
tion. Finally, the edge predictor utilizes these decoded node
features to predict the edges of the graph.

The overall architecture of the VAE model is illustrated in
Figure 1, with the following main components:

Node Feature Encoder The node feature encoder, uti-
lizing a three-layer multi-head GAT network, transforms
100-dimensional one-hot node representations into 32-
dimensional node embeddings. See Appendix B.2 for GAT
architecture details.

Graph Global Encoder Treating the y-ordered nodes as
a sequence (analogous to words in a sentence), the graph
global encoder transforms node embeddings into a fixed-size
latent representation. Following (Devlin et al. 2019; Winter,
Noé, and Clevert 2021), a dummy node v is prepended to
the sequence to serve as a global embedding. The encoder
applies rotational positional encoding (RoPE) (Su et al.
2023) and several transformer encoder layers to this aug-
mented sequence. The final embedding of v is taken as the
global graph representation. An MLP is then applied to com-
pute the 32-dimensional mean and variance for sampling the
32-dimensional latent vector z, similar to standard VAEs.

Node Feature Decoder The Node Feature Decoder recon-
structs individual node embeddings from the global graph
embedding using several transformer decoder layers. The
input is the global graph embedding, augmented with ro-
tational positional encoding (RoPE) (Su et al. 2023). The
global graph embedding also serves as memory for the de-
coder’s cross-attention, leveraging this global context during
node feature reconstruction.

Edge Predictor The edge predictor is a cross-node inter-
action layer. It takes the node feature decoder output h €
R™*4 where n = 100 is the maximum number of nodes and
d is the embedding dimension. Edges are predicted using the



dot product of embeddings transformed by two distinct lin-
ear layers with activation.

A req = o(LeakyReLU(hW )(LeakyReLU(W3h) ")),
ey

The output A4 provides a probabilistic adjacency matrix
where each entry, a floating-point number between 0 and
1, denotes the likelihood of an edge. We then perform a
Bernoulli sampling process on each entry using this prob-
ability to generate a binary adjacency matrix.

The detailed encoder structure is depicted in Appendix
Figure 8, and the detailed decoder structure is depicted in
Appendix Figure 9.

4.3 Controllable Connectome Generation by
Sampling from the Latent Space

Investigating the intricate interplay between structure, dy-
namics, and function in brain neural microcircuits neces-
sitates the capability to generate novel networks in a con-
trolled fashion. Specifically, given a target network property
T (which can be structural, dynamical, or functional), our
objective is to synthesize novel connectomes G, that op-
timally satisfy the specified constraint 7~ while preserving
general topological and dynamical characteristics inherent
to biological neural microcircuits. Formally, the goal is to
generate new samples from the conditional probability dis-
tribution p(G.|T).

Given the computational cost associated with large-scale
graph generation via brute-force sampling, we propose
leveraging latent space properties to inform our sampling
strategy. By employing geometric characteristics of the la-
tent manifold as a sampling heuristic, this approach sig-
nificantly reduces computational overhead compared to the
brute-force generate-then-filter paradigm. Specifically, we
aim to find the probability distribution of the latent vector
z conditioned on the target property 7, denoted as p(z|7),
which can be represented as an energy model:

PeIT) = Jp() ep(OS(T.2), @)

where S(T,z) is a condition indicator function, defined as
S(T,z) =1if z € Qp else 0. Q7 is a subset of latent space
where the generated graphs are predicted to be close to the
target. Z = [ p(z)'/" exp(AS(T,z))dz is the normaliza-
tion factor, and ) is a tuning parameter which determine the
constraining strength of 7 and 7 is a temperature parameter
which balance exploitation and exploration based on prior
latent distribution of p(z).
When A — oo, the energy model degenerates into a
strictly constrained version (by 7). In this case we have:
p(z)'/"
VA =
PET = o

where the new normalization factor becomes p(d7) =
Jor. p(2)Y/ 7 dz.
o P

4.4 Reservoir Network with Structured
Connectivity

We define reservoir network (Jaeger 2001) with a D,. di-
mensional reservoir R, input projection parameterized by

’ H(Z € QT)? 3)

Win € RP»>P and output projection parameterized by
Wout € RPXPr Reservoir R stores a reservoir state r(t)
with dimension D,., and the recurrent connection is repre-
sented by an adjacency matrix A € RP~*DPr whose ele-
ments are 0, 1 or -1, corresponding to non-connection, ex-
citatory connection and inhibitory connection. We scale A
to satisfy the pre-specified spectral radius sr. Given input
vector u(t), the reservoir state is updated by r(t + 1) =
(1 —a)r(t) + a - tanh(A - r(t) + Wi, - u(t)), where « is
the leaking rate. r(¢+1) is then flowed to the output coupler,
where a mapping is done to obtain v(t+1) = W, -r(t+1).
During the training process, we kept the recurrent connec-
tion weights of the reservoir fixed, training only the in-
put and readout layers. This approach allows us to study
the computational functions that arise from the connection
structure itself.

5 Experiments
5.1 Evaluation Metrics

We selected several graph theory metrics (descriptors) com-
monly employed in the analysis of connectomes (Rubinov
and Sporns 2010), including mean degree, efficiency, tran-
sitivity, clustering coefficient, modularity, and assortativity.
The detailed definitions of these metrics are provided in the
Appendix C.

5.2 Microcircuit Reconstruction and Generation
Results

Examples of original and reconstructed graphs obtained
through the VAE are provided in the Appendix D. To
validate the model’s generative capabilities, we evaluated
several graph metrics on the generated samples. We em-
ployed the maximum mean discrepancy (MMD) (Gretton
et al. 2012) to compare the distributions of these graph
statistics between an equal number of generated and test
graphs. Following the standard protocol established by
GraphRNN (You et al. 2018), we specifically measured the
distributions of degree, clustering coefficient and spectrum.
For MMD computation, we utilized both the Gaussian Earth
Mover’s Distance (EMD) kernel and the total variation (TV)
distance (Liao et al. 2020). Given the absence of exist-
ing generative models specifically designed for connectome
graphs, we selected three alternative models commonly used
for molecule generation or general graph generation (Jo,
Lee, and Hwang 2022; Xu et al. 2024; Chen et al. 2023) as
baselines. The following Table 1 reports the MMD values
for different graph metrics evaluated across these models
and our proposed approach. The MMD validation of vari-
ous structural metrics demonstrates that the graph generated
by the VAE is consistent with that of the real brain connec-
tome. To further check the diversity and novelty of the gen-
erated results, we verified that 2,000 generated samples are
all unique among themselves and not present in the training
data.

Figure 2 compares graphs generated by our proposed
model and other models with the original data (column Ori.).
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Model Deg. Clus. Coef. Spec.
EMD| TV] [EMD] TV] |EMD]| TV
GDSS (Jo, Lee, and Hwang 2022) | 1.138  0.493 1.381 0959 | 0325 0.515
DisCo (Xu et al. 2024) 1.047  0.304 1.315 0.550 | 0.094 0.334
EDGE (Chen et al. 2023) 0.660  0.041 0.343 1.016 | 0972  0.111
Ours 0.164 0.028 | 0.154 0.021 | 0.047 0.007

Table 1: Demonstrating Model Effectiveness: Comparison with Baseline Models

(a) Ori. (b) Ori. (c) Ours

(d) Ours

S

(e) GDSS  (f) GDSS

(i) DisCo

(2) EDGE

(h) EDGE (j) DisCo

Figure 2: Generated Results Demonstrate the Authenticity of Our Model

5.3 Latent Representation Analysis

SHAP Analysis Using SHAP analysis (Lundberg and Lee
2017) to interpret feature contributions, we analyzed the re-
lationship between the 32 latent dimensions and generated
graph properties. Figure 3 illustrates the SHAP results for
the clustering coefficient, showing the entangled relation-
ship between the latent dimensions and the graph metrics.
Similar analyses were performed for each graph property
(see Appendix E). These results motivated our subsequent
development of a controllable generation method that oper-
ates effectively on such an entangled representation.

Discovering Key Latent Directions Affecting Generation
Metrics We first visualized the microcircuit topology with
t-SNE (Figure 4). To identify a latent direction for each
graph metric, we trained a linear model to predict its value
bin (discretized into 20 quantiles from 500 test graphs) from
the 32D latent vectors. The resulting constant gradient de-
fines each direction (Appendix F), and the model’s high R?

scores (all around 0.8) confirm a strong fit (Appendix Fig-
ure 12, left).

We then verified that these directions correspond to dis-
tinct metrics. The pairwise correlations between the metrics
themselves (Appendix Figure 12, middle) closely matched
the cosine similarities of their corresponding latent direc-
tions (Appendix Figure 12, right), confirming their speci-
ficity (Appendix H).

Finally, a traversal experiment validated these directions.
Moving along a specific gradient from a mean latent vector
and then decoding controllably manipulated the correspond-
ing metric in the generated circuits, confirming that the di-
rections directly govern structural features (Appendix G).

5.4 A Pipeline for Controllable Microcircuit
Generation With MCMC Sampling
For the investigation of structure-function relationships in

brain networks, the ability to generate network samples that
closely match specific target descriptor values would be in-
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Figure 3: SHAP analysis for clustering coefficient. Latent
dimensions are sorted by their importance. The results of
SHAP analysis show the entangled relationship between the
latent dimensions and the graph metrics.

valuable. Here, we propose a general pipeline to achieve
this goal, leveraging our latent VAE connectome generator
in conjunction with Markov Chain Monte Carlo (MCMC)
sampling (Metropolis et al. 1953).

Given a target metric value ¢, the linear regression model
y = f(z) = wl'z+b previously fitted on the 32-dimensional
latent space can be leveraged as a heuristic for search. Our
objective is to sample N latent vectors z = (21, 22, ..., 232)
that satisfy the condition 7| f(z) — ¢| < ¢, where e defines
a tolerance around the target value. This inequality defines
a feasible region in the latent space, denoted as Q7 C R32.
However, since the domain of the linear regression model
is unbounded, there are infinitely many solutions to this in-
equality distributed throughout the space. Many of these so-
lutions might lie far from the true latent space distribution,
leading to invalid or unrealistic generated graphs. Therefore,
we should impose constraints on the distribution of the sam-
pled latent vectors, aiming for the sampled points to follow
the dataset’s inherent latent distribution to the maximum ex-
tent. We approximate the distribution of the latent space as
a 32-dimensional joint distribution by fitting a multivariate
Gaussian distribution. Our goal is to sample N latent vectors
from the conditioned distribution p(z|7"), wherez € Q7.
According to Equation 3, this conditioned probability distri-

bution can be represented as p(z|T) = ’;((Zg)le/; I(z € Q7),
where I(z € Q) is an indicator function that is 1 if z
belongs to the feasible region {27 and O otherwise, and
p(Q7) = fQT p(z)'/7dz is the probability mass of the fea-
sible region.

As direct integration to compute p(£27) is not feasible,
we utilize Markov Chain Monte Carlo (MCMC) (Metropolis
et al. 1953) to sample from the target conditional probability
distribution despite the unknown denominator. We define a

log-target-density function (LTD) to evaluate the likelihood
of a proposed latent vector z:

1
LTD(z) = ;logp(z), “4)

Thus, the target conditional distribution for z should be
proportional to exp(LTD(z)) - I(z € Q7). We utilize the
Metropolis-Hastings acceptance rule to generate a sequence
of N sampled latent vectors. The detailed steps and pa-
rameters of the sampling algorithm are provided in the Ap-
pendix L.

To demonstrate the ability to generate graphs satisfying
specific properties, we conducted experiments by specify-
ing target percentile values ranging from 0% to 100%. We
set N = 500 in the experiment. Figure 5 shows how the
mean values of four key graph metrics evolve with the tar-
get percentile; the complete set of six curves is deferred to
the appendix (Figure 17) for brevity. Generated graph metric
values that show a roughly monotonically increasing trend
with the target bin index demonstrates the effectiveness of
this method. Furthermore, examples of the generated graphs
for different target metrics and target values are presented in
the AppendixJ.

Figure 6 presents examples of controlled graph genera-
tion where the mean degree is the targeted property, show-
ing samples generated by setting different target percentile
ranges for this metric. Detailed results for controlling other
graph properties are provided in the Appendix J.

5.5 Explore the Relationship between Structure
and Function

Given that cortical microcircuits inherently operate as re-
current neural networks (RNNs), we employ reservoir com-
puting (RC) to assess their functional capabilities. We use
performance on classic tasks, specifically memory (copy-
ing) and classification, as a proxy for the network’s func-
tional features. To investigate this, we constructed reser-
voir networks using connectome architectures from the VAE
and tested them on copying and classification tasks (Ap-
pendix K). We primarily investigated two questions: 1.
Do these connectome-based reservoirs outperform randomly
connected ones? 2. Are there graph features that, when sys-
tematically varied, predictably modulate task-specific per-
formance? All of the hyperparameters of the experiments
are stated in Appendix K.

Copy Task Following (Keller et al. 2024), we use a copy
task to assess network memory retention (details in Ap-
pendix K.1). We specified target values for a set of features
at five distinct percentiles (25%, 37.5%, 50%, 62.5%, 75%)
of their distributions. For each condition, we constructed
Reservoir Networks from three VAE-generated connectome
graphs, yielding an average test loss L, As a baseline, we
repeated this process using density-matched random graphs
to obtain a corresponding 10ss L;qpndom. The performance
gain of the VAE-generated structures over their random
counterparts is quantified by the percentage decrease in test
loss, 4, calculated as follows:

Lr ndom L 2
§ = ~random _Z9en o 100% )

Lrandom
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Figure 4: t-SNE visualizations of the latent space reveal that variations in specific topological metrics correspond to distinct
gradient directions within the embeddings. The darkness of each point’s color corresponds to the magnitude of its associated
bin index for the specific metric being considered. To further aid visualization, the red line overlaid on the t-SNE plot represents
the direction of metric variation, obtained by fitting an auxiliary 2D linear regression model to the 2D t-SNE embeddings. This
2D regression is solely for visual convenience and does not replace the 32-dimensional analysis described in the main text.
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Figure 7: 4 of the 6 metrics have a significant impact on task performance.



The results are documented in Table 2:

Target
Percentile

Mean Deg. 39.94 54.32 55.23 50.34 55.36 51.04
Clus. Coef. 52.67 52.69 52.45 53.45 49.03 52.06
Efficiency 47.64 59.29 5931 54.61 52.00 54.57
Transitivity ~ 52.23 45.53 56.05 5893 51.15 52.78
Assortativity  49.68 57.55 52.01 4528 53.71 51.64
Modularity 63.98 60.03 58.42 49.82 57.20 57.89

25% 37.5% 50% 62.5% 75% Ave.

Table 2: Performance Advantage of VAE-Generated Con-
nectomes over Random Baselines in Reservoir Tasks (Mea-
sured by % Test Loss Decrease)

Appendix K.1 visually compares the copy task outputs
from networks with VAE-generated reservoirs against those
with random counterparts.

Classification Task On the sequential MNIST classifica-
tion task, we found a clear monotonic or near-monotonic re-
lationship between a reservoir network’s test accuracy and
several of its reservoir’s graph features—notably efficiency,
mean degree, transitivity, and clustering coefficient (Fig-
ure 7). This result was established by training networks built
from reservoir graphs systematically generated to have fea-
ture values at five distinct percentiles (25-75%). Specifically,
for each percentile condition, we randomly selected three
generated graphs, constructed an network from each, and av-
eraged their final test accuracies (details in Appendix K.2).

6 Conclusions and Discussions

We introduced a VAE-based generative model that learns
a compact, interpretable, low-dimensional latent space for
connectome of two species. The existence of such a low-
dimensional representation is also supported by the ’ge-
nomic bottleneck’ theory. An animal’s genes guide the de-
velopment of its nervous system (Arnatkeviciute et al. 2020;
Wainberg et al. 2024). However, the amount of information
genes can hold is much smaller than what would be needed
to explicitly list every single connection in a fully formed
brain (Suganuma et al. 2020; Nigam et al. 2024). This ob-
servation, known as the *genomic bottleneck’ (Shuvaev et al.
2024), suggests (without negating the combined influence of
genetics and environment) that there must be a simpler, more
compact set of rules or a low-dimensional representation that
guides how brain networks grow and organize themselves,
for which the finite information capacity of the genome pro-
vides primary evidence.

We demonstrated that directions in this space encode spe-
cific network properties, enabling the controlled synthesis of
novel circuits with desired features via latent navigation and
an MCMC pipeline. This approach provides a powerful tool
to investigate neural design principles, explore structure-
function relationships, and inform advanced Al development
by revealing the low-dimensional generative rules behind
complex structures.

Limitations and Future Work Despite promising results,
this work has several limitations. Firstly, our choice of a
Variational Autoencoder was deliberate, driven by the pri-
mary objective of learning an explicit, interpretable, and
low-dimensional latent space. This “information bottleneck”
is crucial for uncovering the compact generative blueprint
hypothesized to underlie brain development and for enabling
controlled synthesis. While other modern generative mod-
els, such as diffusion models, demonstrate powerful sample
generation capabilities, their latent spaces are not always as
directly optimized for, or as easily amenable to, the extrac-
tion of such a compressed and interpretable code as a VAE’s.
Future work could, however, investigate adaptations of these
models or hybrid approaches to achieve similar goals. Sec-
ondly, our model currently focuses on binary topological
structure, neglecting crucial biological details such as neu-
ron types, synaptic weights, and activity dynamics. Incor-
porating these features is a key direction for future work to
enhance biological realism. Thirdly, while this study incor-
porates connectome data from both Drosophila and mouse,
the detailed generative modeling and latent analysis are pri-
marily centered on microcircuits from the mouse visual cor-
tex. Consequently, the learned representations and genera-
tive rules may require further adaptation and validation for
other brain regions, larger-scale connectomes, or a broader
range of species. The current fixed-size input representation
(100 x 100 padding) also poses challenges for direct appli-
cation to circuits of highly variable sizes without architec-
tural modifications. Furthermore, while we identified inter-
pretable linear directions in the latent space, exploring more
complex, non-linear relationships and the full extent of en-
coded biological constraints warrants further investigation.
Finally, while preliminary work has linked generated struc-
tures to function, more rigorously validating their functional
viability is a key next step to bridge structural generation
with functional understanding.

Although serving as a simplified paradigm, reservoir
computing demonstrates that network function is inherently
shaped by structural characteristics. Future research will fo-
cus on mapping task-performance gradients directly within
the latent space. Crucially, this investigation should extend
beyond the central latent regions by performing interpola-
tions across a broader scope of the latent space. This will
enable the synthesis of structures from edge-case regions,
allowing us to systematically evaluate how structural varia-
tions—especially those at the boundaries of the learned dis-
tribution—correlate with functional performance.
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A Training Details

Training was performed with a learning rate (Ir) of 0.001.
We employed a cyclical beta annealing schedule (Fu et al.
2019) with a cycle length of 600 epochs. In this schedule,
[ was linearly increased from O to le — 6 during the first
half of each cycle and held constant at 1e — 6 for the second
half. The model was trained for a total of 10000 epochs on
an RTX4090 GPU.

B Model Structure Details
B.1 Model Components

Node Feature Encoder The node feature encoder, uti-
lizing a three-layer multi-head GAT network, transforms
100-dimensional one-hot node representations into 32-
dimensional node embeddings. See Appendix B.2 for GAT
architecture details.

Graph Global Encoder Treating the y-ordered nodes as
a sequence (analogous to words in a sentence), the graph
global encoder transforms node embeddings into a fixed-size
latent representation. Following (Devlin et al. 2019; Winter,
Noé, and Clevert 2021), a dummy node vy is prepended to
the sequence to serve as a global embedding. The encoder
applies rotational positional encoding (RoPE) (Su et al.
2023) and several transformer encoder layers to this aug-
mented sequence. The final embedding of vy is taken as the
global graph representation. An MLP is then applied to com-
pute the 32-dimensional mean and variance for sampling the
32-dimensional latent vector z, similar to standard VAEs.

Node Feature Decoder The Node Feature Decoder recon-
structs individual node embeddings from the global graph
embedding using several transformer decoder layers. The
input is the global graph embedding, augmented with ro-
tational positional encoding (RoPE) (Su et al. 2023). The
global graph embedding also serves as memory for the de-
coder’s cross-attention, leveraging this global context during
node feature reconstruction.

Edge Predictor The edge predictor is a cross-node inter-
action layer. It takes the node feature decoder output i €
R™*4 where n = 100 is the maximum number of nodes and
d is the embedding dimension. Edges are predicted using the
dot product of embeddings transformed by two distinct lin-
ear layers with activation.

A e = o(LeakyReLU(hW ) (LeakyReLU(W3h) ")),
(6)
The output Aeq provides a probabilistic adjacency matrix
where each entry, a floating-point number between 0 and
1, denotes the likelihood of an edge. We then perform a
Bernoulli sampling process on each entry using this prob-
ability to generate a binary adjacency matrix.

B.2 GAT Mechanism

In GAT network, the representation of each node is itera-
tively refined by aggregating information from its neighbor-
ing nodes through a message-passing mechanism. Specif-
ically, for each node v;, an attention score e;; is com-
puted with respect to its neighboring nodes v; by e;; =

a (Wﬁl,Wﬁj) where ﬁl represents the current feature

vector of node v;, ﬁz represents the current feature vec-
tor of a neighboring node v;, and a denotes the attention
mechanism, parameterized by the weight matrix W. These
attention scores are then normalized across the neighbors
of v; using the softmax function to obtain the attention
coefficients ;. Finally, the updated representation fl; of
node v; is obtained by aggregating the feature vectors of
its neighbors, weighted by the calculated attention coeffi-
cients, followed by a non-linear activation function o by

W =0(3jen, aijWhy)

C Definition of the Graph Metrics

Mean Degree: The mean degree of a graph is the mean
total degree of each node 7:

]{JZ' = Z aij. (7)

JEN
Efficiency:
1 1 > iEN,j£i d;‘l
E=-N"E == LLJEN,jF#i Tij
n Z n Z n—1 ’ ®)
iEN 1EN

where E; is the efficiency of node 7. Directed global effi-
ciency is defined as:

-1
1 i (i
Er==3%" ZJEN#_’(l ) 9)
iEN "
Clustering coefficient:
C_EZC,_EZL (10)
N ien ton iEN ki(ki = 1)

where C; is the clustering coefficient of node i(C; = 0 for
k; < 2). Directed clustering coefficient is defined as:

L1 t;
“Tn z;\; (KU k2) (B 4+ Bt = 1) = 2305y aijayi
(11)
Transitivity of the network:
Zz‘eN 2t
ZieN ki(ki - 1)7

Directed transitivity is defined as:

T= (12)

Sien
T = . B :
ien (B + B (RYY + kP — 1) =237, v aijag]
(13)
Modularity:
2
Q = Z Cuu — (Z 6u’u> ; (14)
ueM veEM

where the network is fully subdivided into a set of non-
overlapping modules M, and e, is the proportion of all
links that connect nodes in module u with nodes in module
.

Directed modularity is defined as:
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D Reconstruction Results
The reconstruction results are shown in Figure 10.

E Details of SHAP Analysis

To understand the relationship between the latent space and
the generated graph properties, we trained a random forest
regression model to predict each graph metric of the gen-
erated graphs based on the 32-dimensional latent vectors.
Subsequently, we performed standard SHAP analysis and
visualized the SHAP values for each latent dimension. The
SHAP analysis details for different metrics is shown in Fig-
ure 11.

For instance, the SHAP analysis for assortativity indicates
that a few dimensions significantly influence the assortativ-

1ty.

F Details of the Linear Regression Model
Formally, let y € {0,1,2,...,19} represent the bin index
for a given metric, corresponding to the 20 bins of the met-
ric’s values. Given [N graphs in our test set, we first com-
pute their latent codes: z()* = E(gSJ)), where z(9* is a 32-
dimensional vector representing the latent code for the ¢-th
graph QQ) obtained from the encoder /. We normalize the
latent codes to have zero mean and unit variance dimension-

Z(z)* — Mz

wise by z(¥) = . The linear regression model uses

0z
these normalized latent codes z(*) to predict the correspond-
ing bin index §:

j=f(z) =wlz+b. (16)
We fit this linear equation using Ridge regression. The gra-
dient of the predicted bin index g with respect to the normal-
ized latent vector z is then given by: V f(z) = w. Finally,

we consider the direction of the gradient by normalization:
Wo = l

W]

The R? scores of the linear regression, Spearman’s rank
correlation coefficient matrix between the six graph metric
descriptors and cosine distance matrix between the gradient
directions in the 32-dimensional latent space are shown in

Fig 12

G Details of Gradient Direction Moving

To validate whether these identified directions truly re-
flect changes in the corresponding metrics, we performed a
traversal experiment. Starting from the mean latent vector of
the test set, we moved along each metric’s identified gradient
direction (both positive and negative shifts) and decoded the
resulting latent vectors to observe the change in the metric’s
value (Figure 13). The moving region was carefully chosen
to ensure that the shifted latent vector with the maximum
offset remained within the range of [u, — 204, iz + 205]
across all dimensions, where ., and o, are the mean and
standard deviation of the latent vectors in the test set, re-
spectively.

We show the generated graphs when we move along the
direction of gradient of different metrics in Figure 14 and
Figure 15.

H Details of Correlations Between Graph
Metrics

The correlations between pairs of graph metrics are shown
in Figure 16.

I MCMC Sampling Details

For features z* = (z1, ..., z32), we first normalize it to zero-
mean and unit-variance z. Then we fit a linear regression
model from the 32-dimensional feature to the percentile of
certain property, for example, mean degree. Denote the lin-
ear regression model as:

y:f(z):WTz+b 17
We rewrite the LTD function as:
LTD(z) = {wlogp(z) ifz e Qr (18)
—00 else

where p(z) is estimated by fitting a multivariate Gaus-
sian distribution according to the correlations between di-
mensions of the normalized latent vectors:

Floc i, B) = x-S x - )

1
VR <_2
19)

1. .
and w = — is the weight to control the degree how the sam-
T

pled points concentrated around the high density area of the
latent space. Let the target value to be ¢ We find the initial
feasible point zg by equation:

L
k= om 20)
70 = kw. @21)

This point must satisfy the condition |f(z) — t| < € be-
cause the linear regression plane pass the center point of the
dataset, where z = 0 and y = .

From this initial feasible solution, we run the Metropolis-
Hastings Algorithm:

In the specific setting, we adopt burn = 0, w = 10, € =
0.1, 0 = 0.01 and thin = 1.

J Generated Graphs for Different Targets

Generated graph examples targeting different metric per-
centile ranges are shown in Figure 18 (mean degree), Fig-
ure 19 (efficiency), Figure 20 (transitivity), Figure 21 (clus-
tering coefficient), Figure 22 (assortativity) and Figure 23
(modularity).

K Details of Reservoir Network Experiments

We employed a reservoir network architecture with a reser-
voir of N = 100 units. We trained both the input weights
(W;p) and output weights (W), while only the recur-
rent weights (W) within the reservoir were held fixed post-
initialization. The neuron types were set to excitatory or in-
hibitory according to a fixed configuration sampled from the
MICrONS dataset distributions, which remained constant
across all experiments. The reservoir’s connectivity matrix



(a) Samplel, Adjacency Matrix

G4

(b) Samplel, Graph Network

G4 G5 G6

(c) Sample2, Adjacency Matrix
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(d) Sample2, Graph Network
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(e) Sample3, Adjacency Matrix

(f) Sample3, Graph Network

Figure 10: Reconstruction Examples: Original Graphs (G0) and Multiple Decoded Samples (G1-G10). Each row displays one
original graph followed by ten distinct reconstructions, resulting from the probabilistic nature of the VAE and the binarization
process.
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Figure 11: SHAP analysis for different metrics. The dimensions are sorted by their importance of contribution and only the top

20 are displayed due to limited space.



mean degree 1.00

0.90 1.00

efficiency
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Figure 12: Left: R? scores of the linear regression models predicting each of the six graph metrics from the 32-dimensional
latent embeddings, indicating the predictive strength of the latent space. Middle: Spearman’s rank correlation coefficient matrix
between the six graph metric descriptors, calculated directly from the test dataset. Right: Cosine distance matrix between the
gradient directions in the 32-dimensional latent space for each of the six graph metrics, illustrating the similarity in how different
metrics are encoded in the latent space.

Algorithm 1: Metropolis-Hastings Algorithm

1: Input:
2:  t: Target value;
zo: Initial feasible point;
Samples: The list of sampled points, initialized as an empty list;
33, p: The covariance matrix and mean vector of the fitted multivariate Gaussian distribution;
f(z): Linear regression function;
w: Prior probability weight;
o Proposal standard deviation;
9:  N: Total sample number;
10:  burn: burn in round;
11:  thin: Sampling interval.
12: Output: A list of sampled latent vectors: zg, ..., Z .

PRDIN AR

13: ¢ =xg

14: Samples.append(c)

15: total iteration = burn + N * thin

16: for i = 1 to total iteration do

17: Propose a new point ¢’ by disturbing ¢ a small step: ¢’ ~ N(c, 0?)
18: log acceptance ratio = LTD(¢’) — LTD(c)

19: 7 ~U(0,1)

20: if logr < log acceptance ratio then ¢ = ¢/

21: end if

22: if ¢ > burn and (¢ — burn) mod thin == 0 then
23: Samples.append(c)

24: end if

25: end for

26: return Samples
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Figure 13: Metric variation of decoded graphs along the directions of different gradient vectors in the latent space.

was either generated by our Variational Autoencoder (VAE)
to produce structured patterns or formulated as a density-
matched random graph for control comparisons. The initial
recurrent weights were assigned values of +1 (from an ex-
citatory neuron), —1 (from an inhibitory neuron), or 0 (no
connection), and the final matrix W was scaled to a speci-
fied spectral radius. Both Wi, and W, were initialized with
weights from a uniform distribution U[—1,1) and subse-
quently trained end-to-end using the Adam optimizer. This
design allowed us to investigate the influence of fixed, struc-
tured connectivity while permitting the network to adapt its
input and output mappings for each task.

K.1 Copy Task

The copy memory task uses sequences of categorical inputs.
Each input sequence has a total length of 7"+ 2¢ and is struc-
tured as follows:

* The first ¢ tokens are one-hot vectors randomly chosen
from a set of N categories, representing the information
to be memorized.

* These are followed by 7" ”blank” tokens (category 0),
which create a delay period where the network must hold
the information in memory.

* A delimiter token (category [N + 1) is then presented to
signal the start of the recall phase.

* The sequence concludes with ¢ — 1 final blank tokens.

The corresponding target sequence is of the same length,
consisting of blank tokens except for the last ¢ positions,
which must reproduce the initial random sequence from the
input. For our experiments with a 100-neuron reservoir net-
work, we set the task parameters to ¢t = 5, N = 3, and
T = 10.

The networks were trained for 60,000 epochs with a learn-
ing rate of 0.001. For the reservoir parameters, we config-
ured the leaking rate to 0.3 and the spectral radius to 0.999.

Figures 24 and 25 compare the copy task performance of
reservoir connectivity built from VAE-generated graphs (left
column) versus density-matched random graphs (right col-
umn). The VAE graphs were generated by targeting the 50th
percentile for various structural metrics.

K.2 Classification Task

In the sequential MNIST (sMNIST) task, each image from
the MNIST dataset is presented to the reservoir network
row-by-row or column-by-column. The objective is to clas-
sify the digit based on the resulting hidden states of the reser-
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(e) Adjacency matrix along gradient of transitivity

Move 20 steps Move -15 steps Move -10 steps Move -5 steps. Move 0 steps Move s steps. Move 10 steps Move 15 steps Move 20 steps

(f) Network structure along gradient of transitivity

Figure 14: Generated samples by traversing the latent space along the gradient direction of different metrics (Part 1). Images
show decoded graphs as the latent vector moves from a center point (middle) towards the positive (right) and negative (left)
gradient directions. Each number indicates the Euclidean distance from the center point of the dataset.
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(e) Adjacency matrix along gradient of modularity

Move 20 steps Move -15 steps Move -10 steps Move -5 steps. Move 0 steps Move s steps. Move 10 steps Move 15 steps Move 20 steps

(f) Network structure along gradient of modularity

Figure 15: Generated samples by traversing the latent space along the gradient direction of different metrics (Part 2). Images
show decoded graphs as the latent vector moves from a center point (middle) towards the positive (right) and negative (left)
gradient directions. Each number indicates the Euclidean distance from the center point of the dataset.
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(a) Target mean degree: 0%-5% percentile, Adjacency Matrix

(c) Target mean degree: 50%-55% percentile, Adjacency Matrix

(e) Target mean degree: 95%-100% percentile, Adjacency Matrix

G7

(f) Target mean degree: 95%-100% percentile, Network Visualization

Figure 18: Generated graph examples targeting different mean degree percentile ranges. For each target range, 10 graphs
were randomly selected from 1000 graphs sampled and decoded. Pairs of adjacency matrices and corresponding network
visualizations are shown for target mean degrees in the 0%-5% (a, b), 50%-55% (c, d), and 95%-100% (e, f) percentile ranges
of the dataset.



(a) Target efficiency: 0%-5% percentile, Adjacency Matrix

G5 G6

(c) Target efficiency: 50%-55% percentile, Adjacency Matrix

G8

(d) Target efficiency 50%-55% percentile, Network Visualization

(e) Target efficiency: 95%-100% percentile, Adjacency Matrix

G10

(f) Target efficiency: 95%-100% percentile, Network Visualization

Figure 19: Generated graph examples targeting different efficiency percentile ranges. For each target range, 10 graphs were ran-
domly selected from 1000 graphs sampled and decoded. Pairs of adjacency matrices and corresponding network visualizations
are shown for target efficiency in the 0%-5% (a, b), 50%-55% (c, d), and 95%-100% (e, f) percentile ranges of the dataset.



(a) Target transitivity: 0%-5% percentile, Adjacency Matrix

G6

(c) Target transitivity: 50%-55% percentile, Adjacency Matrix

G4

(e) Target transitivity: 95%-100% percentile, Adjacency Matrix

(f) Target transitivity: 95%-100% percentile, Network Visualization

Figure 20: Generated graph examples targeting different transitivity percentile ranges. For each target range, 10 graphs were
randomly selected from 1000 graphs sampled and decoded. Pairs of adjacency matrices and corresponding network visualiza-
tions are shown for target transitivity in the 0%-5% (a, b), 50%-55% (c, d), and 95%-100% (e, f) percentile ranges of the dataset.



(a) Target clustering coefficient: 0%-5% percentile, Adjacency Matrix

Gl G2 G4 G5 G6 G7 G8 G9 G10

(c) Target clustering coefficient: 50%-55% percentile, Adjacency Matrix

Gl G2 G3 G4 G5 G6 G7 G8 G9

(e) Target clustering coefficient: 95%-100% percentile, Adjacency Matrix

G2 G3 G4 G5 G6 G7 G9 G10

(f) Target clustering coefficient: 95%-100% percentile, Network Visualization

Figure 21: Generated graph examples targeting different clustering coefficient percentile ranges. For each target range, 10
graphs were randomly selected from 1000 graphs sampled and decoded. Pairs of adjacency matrices and corresponding network
visualizations are shown for target clustering coefficient in the 0%-5% (a, b), 50%-55% (c, d), and 95%-100% (e, f) percentile
ranges of the dataset.



(a) Target assortativity: 0%-5% percentile, Adjacency Matrix

G7 G8

(c) Target assortativity: 50%-55% percentile, Adjacency Matrix

G4 G5 G8

(e) Target assortativity: 95%-100% percentile, Adjacency Matrix

(f) Target assortativity: 95%-100% percentile, Network Visualization

Figure 22: Generated graph examples targeting different assortativity percentile ranges. For each target range, 10 graphs were
randomly selected from 1000 graphs sampled and decoded. Pairs of adjacency matrices and corresponding network visualiza-
tions are shown for target assortativity in the 0%-5% (a, b), 50%-55% (c, d), and 95%-100% (e, f) percentile ranges of the
dataset.



(a) Target modularity: 0%-5% percentile, Adjacency Matrix

G3

(c) Target modularity: 50%-55% percentile, Adjacency Matrix

(e) Target modularity: 95%-100% percentile, Adjacency Matrix

G9 G10

(f) Target modularity: 95%-100% percentile, Network Visualization

Figure 23: Generated graph examples targeting different modularity percentile ranges. For each target range, 10 graphs were
randomly selected from 1000 graphs sampled and decoded. Pairs of adjacency matrices and corresponding network visual-
izations are shown for target modularity in the 0%-5% (a, b), 50%-55% (c, d), and 95%-100% (e, f) percentile ranges of the
dataset.
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Figure 24: Performance comparison of reservoir networks on the copy task using VAE-generated graphs (left column) versus
density-matched random graphs (right column) for three target metrics: Mean Degree, Efficiency, and Transitivity. The com-
parison is continued in Figure 25. Each subplot visualizes the input pattern to be memorized (top), the model’s output (middle),
and the ground truth (bottom).
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(a) VAE-Generated Network (Target: Clustering Coefficient)
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(c) VAE-Generated Network (Target: Assortativity)
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(e) VAE-Generated Network (Target: Modularity)

Input_all

Output_all

Label_all

(b) Random Network (Target: Clustering Coefficient)

Input_all

Output_all

Label_all

(d) Random Network (Target: Assortativity)

Input_all

Output_all

Label_all

(f) Random Network (Target: Modularity)

Figure 25: Performance comparison of reservoir networks on the copy task using VAE-generated graphs (left column) versus
density-matched random graphs (right column). This figure shows the results for the last three target metrics: Clustering Co-

efficient, Assortativity, and Modularity. Each subplot visualizes the input pattern to be memorized (top), the model’s output
(middle), and the ground truth (bottom).



voir network.

The networks were trained for 300 epochs with an initial
learning rate of 0.003, which decayed by a factor of 1/3 ev-
ery 100 epochs. For the reservoir parameters, we configured
the leaking rate to 0.3 and the spectral radius to 0.999.

Figure 26 shows example training and testing curves for
the sMNIST task, where the objective is the 25th percentile
of the transitivity metric.

Epoch Train Loss:

(a) Train Loss

Valid Acc:

(b) Valid Accuracy

Test Acc:

(c) Test Accuracy

Figure 26: Example training and testing curves for the sM-
NIST task (Target metric: Transitivity, Value: 25th per-
centile).

L. Another Example of Our Research
Paradigm: Studies on FlyWire Dataset

To validate our approach on more diverse data, we con-
ducted analogous experiments on the FlyWire (Dorkenwald
et al. 2022) dataset, a Drosophila (fruit fly) connectome. In
this configuration, the graph global encoder and the node
feature decoder within the VAE were substituted with Multi-
layer Perceptrons (MLPs). The node types are considered by
grouping neurons by their neurotransmitter types. The eval-
uation of the generation results is presented in Table 3.

The model shows particularly strong performance in clus-
tering coefficient, surpassing all comparative methods. This
metric reflects the tightness of local circuit connections, and
its high fidelity demonstrates our framework’s effectiveness
in capturing the modular properties of columnar functional
units in biological neural networks. In contrast, the recon-
struction accuracy for orbit counts is relatively lower, which

FlyWire
Deg.] Clus.] Orbit] Avg.]

EDGE 0.009  0.099 0.038 0.048
DisCo 0.141  0.552 0377 0.356
GDSS 0.054 0.633 0.702  0.463
GruM 0.002 0.165 0.035 0.067

Ours 0.002 0.056 0.129 0.062

Method

Table 3: Generation results on FlyWire. We com-
pute the Maximum Mean Discrepancy (MMD)
between generated and test graphs for three graph
features, with the best results shown in bold.

aligns with expectations: global topological features, be-
ing influenced by more stochastic factors, inevitably suffer
greater information loss during low-dimensional compres-
sion.

In Figure 27, we present the generation results of
our model alongside comparative models on the FlyWire
dataset. The results demonstrate that our model exhibits
superior performance in generation diversity compared to
baseline methods.

This performance differentiation reveals intrinsic charac-
teristics of our method: while the information bottleneck
causes slight distortion in global topology, it effectively fil-
ters noise and makes key biological patterns (e.g., local
clustering) more salient in the latent space. Notably, al-
though EDGE achieves the lowest average MMD, its high-
dimensional representation lacks explicit structural con-
straints, making subsequent causal analysis substantially
more challenging to implement. Our method, through care-
ful balancing of reconstruction accuracy and dimensional
compression, establishes interpretable mappings between la-
tent variables and generated graph structural features, pro-
viding a solid foundation for analyzing brain connectomes.

In addition to this, we also observe the reconstruction per-
formance of our model on FlyWire.

The reconstruction results in Table 4 demonstrate our
model’s ability to reasonably recover both node categories
and edge connectivity, though with some expected infor-
mation loss. We achieve 0.982 accuracy in node classifica-
tion and 0.978 edge reconstruction accuracy, with slightly
lower performance in edge AUC (0.959), suggesting the
model captures major structural patterns while missing some
finer connection details. These metrics reflect the inherent
trade-offs of our approach - while the information bottleneck
causes some reconstruction imperfection, it enables the low-
dimensional analysis that is central to our framework. The
performance is encouraging given this constraint, though we
recognize these results would benefit from comparison with
standard reconstruction baselines in future work. The mod-
est differences between node and edge metrics may repre-
sent the necessary compromise between reconstruction fi-
delity and analytical tractability that defines our method’s
design philosophy.

Figure 28 demonstrates the model’s graph reconstruction



(a) Origin (b) ours (c) EDGE (d) Grum (e) GDSS (f) DisCo

Figure 27: Generation results on FlyWire in Adjacency Matrix Format. (a) Original: Shows the sampled graphs from the
Drosophila brain connectome with three distinct divergence levels. (b) Ours: Our model’s generation results, also exhibiting
three divergence levels. (c)-(d) EDGE and GruM results: While performing well on high-divergence graphs, they lack medium
and low-divergence samples, indicating limited diversity. (e)-(f) GDSS and DisCo results: Their main limitations are insufficient
edge generation and similarly constrained diversity.

Method FlyWire
Node Acc. Node F11 Edge Acc.t Edge AUCtT
Ours 0.982 0.979 0.978 0.959

Table 4: Reconstruction performanc on FlyWire. We evaluate (1) Edge
reconstruction performance using AUC and accuracy between original
and reconstructed adjacency matrices, and (2) Node category recovery
using classification accuracy and F1-score comparing original versus
predicted node categories.



Figure 28: Graph reconstruction results: Original samples
(top) and their reconstructed counterparts (bottom), with
node colors representing type categories.

capability by comparing original connectome samples (top
row) with their reconstructed counterparts (bottom row).
The visual comparison shows that the model successfully
preserves the overall topological structure and node type dis-
tributions (represented by consistent color patterns), while
some subtle differences in local connectivity can be ob-
served upon closer inspection. The reconstructions main-
tain the characteristic clustering patterns of neural circuits,
though with minor variations in edge density and connec-
tion specificity that reflect the expected information loss
through our model’s bottleneck architecture. These results
align quantitatively with the reconstruction metrics reported
in Table 4, providing visual confirmation that while the
model captures essential connectome features, perfect re-
construction remains challenging due to our framework’s
emphasis on dimensional reduction and interpretability over
absolute fidelity. The preserved node category assignments
(colors) are particularly noteworthy, suggesting the model
reliably maintains neuron type information during encoding-
decoding.



