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Abstract. Masked autoencoders (MAEs) have recently shown promise
for self-supervised representation learning of resting-state brain func-
tional connectivity (FC). However, a fundamental question remains un-
resolved: how should FC matrices be tokenized to align with the intrinsic
modular organization of large-scale brain networks? Existing approaches
typically adopt region-centric or graph-based schemes that treat FC as
structurally homogeneous elements and overlook the large-scale network
brain organization. We introduce NERVE (Network-Aware Representa-
tions of Brain Functional Connectivity via Bilinear Tokenization), a self-
supervised learning framework that redefines FC tokenization by par-
titioning FC matrices into patches of intra- and inter-network connec-
tivity blocks. Unlike image-based MAE, where fixed-size patches share
a common tokenizer, FC patches defined by network pairs are hetero-
geneous in size and correspond to distinct functional roles. To resolve
this problem, NERVE embeds FC patches through a novel structured
bilinear factorization. This formulation preserves network identity and
reduces parameter complexity from quadratic to linear scaling in the
number of networks. We evaluate NERVE across three large-scale de-
velopmental cohorts (ABCD, PNC, and CCNP) for behavior and psy-
chopathology prediction. Compared to structurally agnostic MAE vari-
ants and graph-based self-supervised baselines, the proposed network-
aware formulation yields more stable and transferable representations,
particularly in cross-cohort evaluation. Ablation studies confirm that
the proposed bilinear network embedding and anatomically grounded
parcellation are critical for performance. These findings highlight the
importance of incorporating domain-specific structural priors into self-
supervised learning for functional connectomics. Code is available at:
https://github.com/leomlck/NERVE

Keywords: rs-fMRI - Brain Functional Connectivity - Deep Learning.

1 Introduction

Resting-state functional magnetic resonance imaging (rs-fMRI) enables the esti-
mation of functional connectivity (FC), defined as the temporal correlation be-
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tween spatially distributed brain regions. FC has become a central tool for study-
ing individual differences in large-scale brain organization and their association
with cognition, behavior, and mental health [ISII7JI4J29]. However, extracting
compact predictive representations from FC remains challenging due to its high
dimensionality, low signal-to-noise ratio, and substantial inter-subject variabil-
ity [31J2/28]. Indeed, large-scale studies have reported that increasing model
complexity does not reliably improve performance over classical approaches
[923I27/10], suggesting that more appropriate inductive biases may be required.

Masked autoencoders (MAE) [8] provide a principled framework for represen-
tation learning by partitioning the input into units, embedding each unit into a
token representation, masking a subset of tokens, and reconstructing the masked
content from the visible ones. In computer vision, these units correspond to spa-
tial image patches that naturally align with local structure. When adapted to
FC, however, the notion of a “patch” lacks a canonical definition, as the arrange-
ment of regions in an FC matrix is largely arbitrary and does not necessarily
reflect spatial or functional locality. Defining appropriate patch units and their
corresponding token embeddings thus becomes central for applying MAE to FC.
Existing approaches for FC adopt heuristic tokenization schemes prior to mask-
ing [4I32/3120]6]. BrainMass [32], for example, treats individual regions as units
and masks randomly selected rows of the FC matrix, while RS-MAE [20] masks
grouped regions inspired by spatiotemporal strategies. Graph-based methods
similarly operate on node-level embeddings, where masking is applied to node
tokens [BIT2122/30]. Despite promising results, a fundamental question remains:
how should FC matrices be partitioned into patches and embedded into tokens to
align the learned representations with the modular, network-level organization
of brain FC?

Our central insight is that the conceptual analog of spatially neighboring pix-
els in an image is groups of brain regions that share similar functional dynamics,
e.g., regions organized into large-scale functional networks [33]. Under this view,
the natural counterpart of an image patch is a connectivity block defined by
intra- or inter-network interactions. However, a key challenge arises: FC patches
defined by pairs of networks vary in dimensionality, precluding the use of a shared
patch encoder. Moreover, each network carries distinct functional roles, suggest-
ing that tokenization should preserve network identity rather than collapse all
patches into a homogeneous representation space. To address this, we introduce
a novel and parameter-efficient bilinear tokenization scheme. Instead of learning
independent embeddings for each network-pair patch, we learn network-specific
region embeddings and model inter-network connectivity via bilinear interac-
tions. This factorization replaces quadratic growth in patch-specific parameters
with linear scaling in the number of networks, while explicitly encoding network
identity and structured intra- and inter-network interactions.

Integrating this design into an MAE framework, we introduce NERVE
(Network-Aware Representations of Brain Functional Connectivity via Bilinear
Tokenization), a self-supervised approach tailored to the modular organization
of brain FC. We evaluate NERVE across three large-scale adolescent neuroimag-
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Fig. 1. Overview of NERVE. A. The functional connectivity (FC) matrix is parti-
tioned into patches defined by pairs of functional brain networks. B. Network-aware
Bilinear Tokenization. Each functional network is assigned learnable network-
specific weights at initialization, and patch tokens are computed through structured
bilinear interactions between network weights during forward. C. MAE Framework.
We apply a standard MAE framework to the proposed network-aware tokens, thereby
introducing a functionally informed inductive bias over connectivity structure.

ing cohorts on the challenging task of predicting behavioral and psychopathology
scores. Our results demonstrate that NERVE learns more informative and trans-
ferable FC representations, outperforming alternative tokenization strategies and
existing self-supervised learning (SSL) approaches.

2 Methods

Let D = {X(i)}zNz1 denote FC matrices of N participants, where each X e
RE*E i5 a correlation matrix constructed from functional time series across R
brain regions. We aim to learn structured and transferable representations of X
in a self-supervised manner. To this end, we adopt a transformer-based MAE
framework, which partitions X into patches, encodes each patch into a token,
randomly masks a subset of tokens, and reconstructs the masked content from
the visible tokens.

Network-based Patching. The way data are partitioned into patches de-
termines what structure the model can exploit through masking and reconstruc-
tion. While image-based MAE relies on a natural decomposition into fixed-size
image patches, FC matrices lack a canonical patching scheme, making tokeniza-
tion a non-trivial design choice. Rather than treating rows of X as patches
[413213], we observe that the conceptual analog of neighboring pixels in images
is groups of brain regions that share similar functional dynamics. This organiza-
tion is captured by large-scale functional networks [33]. Therefore, we propose to
reorganize X by grouping the R regions into N,, established functional networks
{M,...,Nn,} (e.g., Visual, Default, Dorsal Attention). For each network pair
(I, m) with { < m, we define a connectivity block: z; ,,, € RWiIXINml representing
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intra- (I = m) or inter-network (I < m) connectivity (Fig.[lJA). These connectiv-
ity patches are then treated as the basic units for masking and reconstruction.
The total number of patches is: Npatch = w

Shared vs. Patch-specific Tokenization. In image-based MAE, patches
are fixed-size and interchangeable, enabling a shared projection for tokenization.
Here, network-defined patches vary in size and correspond to specific network in-
teractions, making them structurally and semantically distinct. Embedding these
irregular and network-specific patches, therefore, requires a dedicated network-
aware tokenization strategy. A straightforward adaptation of image-based MAE
to FC would flatten each patch x; ,, and project it through a linear transforma-
tion (denoted as shared linear): t; , = W T vec(w;,,,), where W € R9max*de with
dg the encoder embedding dimension, and Syax = maxy , |N| - [N;,| the maxi-
mum flattened patch size. Because patches have different sizes, zero-padding to
the largest patch size Spax is required. While parameter-efficient, this shared
projection enforces a common representation across semantically distinct net-
work interactions and ignores the structural heterogeneity of FC. An alternative
is to assign a distinct projection layer to each network pair (denoted as patch-
specific linear): t; ,, = Wle vec(zy,m ), where W, € RMiIINmD)xde - Although
this allows patch-specific (network pairs) modeling, it introduces a quadratic
growth in parameters with respect to the number of networks N,,, which quickly
becomes impractical and risks overfitting.

Bilinear Tokenization. To preserve network specificity while maintaining
parameter efficiency, we propose a bilinear network-aware tokenization. Each
functional network N is assigned a learnable matrix U; € RWilxde  where each
column represents a network-specific embedding dimension. For an FC patch
Tim € RWViIXINm| between networks [ and m, we construct the corresponding
tokenizer via a column-wise Kronecker (Khatri-Rao) [16] product (Fig. [IB):

Wim =U 60U, € RNV m ) xdp tm = Wlevec(me) e R,

where © denotes the Khatri-Rao product defined elementwise as [W ] jy.x =
[U1]ik [Um]j,k. Conceptually, instead of learning an independent projection for
each network pair, we learn network-level region embeddings and model inter-
network connectivity as bilinear interactions between them. The contribution of
a connection between region ¢ € A and region j € N, to embedding dimension
k is given by the product [U]; k[Um];k, capturing structured interactions while
sharing parameters across networks. This low-rank factorization of patch-specific
projections replaces quadratic growth in patch-specific parameters with a linear
scaling in the number of networks, while explicitly encoding network identity and
structured intra- and inter-network interactions. Specifically, if we assume the
R brain regions are approximately evenly distributed across the IV,, networks,
we can approximate Spax &~ (R/Np)?. Under this assumption, the parameter
complexities for shared linear, patch-specific linear, and bilinear embedding are:

@) (ﬁ—; X dE)7 @) (R2 X dE), and O (R x dg), respectively, highlighting the trade-
off between parameter efficiency and expressivity by shifting complexity from
universal, patch-specific to network-centric representations.
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MAE for FC. Given the network-aware token sequence T € RNpatenXdr
a learnable CLS token is prepended, and learnable positional embeddings are
added to encode the identity of each network pair. For each subject, a fixed
proportion of patch tokens is randomly masked, and only the visible tokens are
processed by a transformer encoder, producing contextualized representations.
To reconstruct masked connectivity, mask tokens are first inserted at masked
positions, and the full token sequence is then processed by a lightweight trans-
former decoder. The decoded tokens are then projected back to the FC patch
space using a bilinear decoding layer consistent with the tokenization scheme,
yielding reconstructed patches Z;,, (Fig. ) The reconstruction objective is:

Lrecon = Wl‘ E(Lm)e./\/l ||3A:l,m - xl,m”i-

Implementation Details. We use Schaefer’s 17-network parcellation (R =
400, N,, = 17, Npagen = 153) [26] with a masking ratio of 0.5. The encoder uses
4 layers, 4 heads, and dg = 256. The decoder has 1 layer, 2 heads with dp = 64.
Models are trained for 4,000 epochs using AdamW with a learning rate of le ™2,
weight decay of 1le™2, cosine scheduling with linear warmup for 400 epochs,
batch size of 1,024, and mixed precision using Pytorch on a single NVIDIA L40
GPU. We perform preliminary hyperparameter tuning on the training data for
the masking ratio, transformer encoder, and decoder length, width, and learning
rate. For brevity, we report results using the best-performing configuration and
focus ablations on methodological design choices central to our contribution.

3 Experiments and Results

Datasets & Downstream Evaluation. We evaluate our framework on three
large-scale developmental rs-fMRI cohorts: ABCD (N=1,791, age 9-10, 53.8%
F) [1], PNC (N=1,416, age 823, 53.6% F) |25], and CCNP (N=178, age 6-17,
52.3% F) [19]. For ABCD, we directly use the FC matrices preprocessed and
released by CBIG [21], which contain a subset of the full ABCD cohort with the
highest image quality. We preprocess PNC and CCNP data using the publicly
available DeepPrep pipeline [24], which includes motion correction, nuisance re-
gression, and temporal and spatial filtering. All FC matrices are defined by the
R = 400 regions Schaefer atlas [26]. We train the MAE on the FC matrices from
the combined ABCD+PNC datasets, treating CCNP as out-of-domain samples,
and apply the trained model to extract FC representations for all three datasets.
Then, within each dataset, we use the representations to predict behavioral phe-
notypes. For ABCD, we predict the Internalizing, Fxternalizing, and Total scores
from the Child Behavior Checklist (CBCL) [I]. For PNC and CCNP, we predict
the Reproducible Brain Charts (RBC) [II] harmonized Internalizing, External-
izing, and general psychopathology (p-factor) scores. Kernal Ridge Regression
(KRR) is adopted as the downstream regression model following prior large-scale
evaluations demonstrating its strong and stable performance for behavioral pre-
diction compared to more complex neural network-based probes [9]. KRR is
assessed using stratified 10-fold cross-validation within each dataset, with age
and sex effects removed via linear regressions fit on the training folds. Finally,
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Table 1. Behavioral prediction performance across developmental cohorts.
We report Pearson correlation r+a with bootstrap 95% CI half-width A from 10-fold
cross-validation. n.: negative values, OOD: Out-of-domain.

Dataset — | ABCD | PNC | CCNP (OOD)

Method | ‘ Int. FExt.  Total ‘ Int. Ext. p—factorH Int. Ezxt.  p-factor
BrainNetCNN|.054+ 04 .08+ .04 .114.04(.07+.03 .08+.04 .05+.03 |[.15+.12 .10+.13 01412
BrainGNN .05+.04 .08+ 05 .06+.04(.08+.04 .04+ 04 .06+ 04 |[.1T+.13 16116 .04+ 10
BrainNetTF - - — 08104 07105 05404 |[.01£.00 21414 .054 09
GraphMAE  |.06+.05 .06+.04 .06+.04|.09+.05 .08+.05 .09+.05 |[.07+.16 .22+ 16 .124.13
GATE - - - 07+.06 -08+.05 .09+.04 ||.04+.00 14+.14 11408
BrainGSLs .04+ 05 .05+ 05 .054.05(.054.05 .08+ 06 .04+.05 n. .224.15 n.

BrainMass .06+ .05 .08+ 05 .01+.04/.03+.06 .09+.06 .10+.05 |[.04+ 13 .14+ 14 .13+ 16
NERVE 114 06 -09+.05 -13+.04|.14+ 05 .13+.05 .12+ 05 |.08+.14 .33+.14 .13+ .15

Gray shading: p < 0.05, two-sided paired bootstrap test between top-1 and 2 methods.

we report the Pearson correlation between the true and predicted behavioral
scores concatenated across testing folds. Uncertainty is quantified via bootstrap
resampling over subjects (1,000 iterations) to estimate 95% confidence intervals
(CI). The statistical significance of performance differences between the top two
methods was evaluated using two-sided paired bootstrap tests on subject-level
out-of-fold predictions (1,000 iterations) for each behavioral variable.

Comparison Methods. We benchmark NERVE against established meth-
ods for FC encoding, restricting comparisons to approaches operating on FC
matrices to ensure fair and interpretable evaluation. Compared encoders include
BrainMass [32], a foundation-style model combining temporal masking and con-
trastive learning, and graph-based SSL methods: GraphMAE [12], BrainGSLs [30],
and GATE [22], which apply node-masked graph encoders with SSL objec-
tives. All models are assessed using the same protocol: training encoders on
ABCD+PNC and evaluating downstream KRR within each dataset via 10-fold
cross-validation. To put the prediction performance in the context of fully super-
vised, task-specific learning capacity, we also evaluate state-of-the-art supervised
FC-based prediction models, which include BrainNetCNN [I5], BrainGNN [I7],
and BrainNetTF [14]. These supervised models are trained and evaluated end-to-
end within each dataset by 10-fold cross-validation, as behavioral targets derive
from different assessment instruments and are not strictly interchangeable across
cohorts. GATE and BrainNetTF require BOLD time series preprocessing and are
therefore evaluated only on PNC and CCNP, as only FC matrices are available
for ABCD in the CBIG release.

Main Results. Past rs-fMRI studies have consistently shown that continu-
ous behavioral prediction from FC is intrinsically challenging, with state-of-the-
art models typically achieving modest effect sizes (often r < 0.15) even in large
cohorts [21J9]. In this context, the representations learned by NERVE demon-
strate strong and stable predictive power across datasets (Table . Specifically,
in in-domain evaluations (ABCD, PNC), NERVE achieves the highest or tied-
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Table 2. Tokenization ablation. We report Pearson correlation r+ A with bootstrap
95% CI half-width A from 10-fold cross-validation. n. indicates negative values.

Dataset — | ABCD \ PNC I CCNP
Method | ‘ Int. Ext. Total‘ Int. Ext. p-factorH Int. Ext.  p-factor

shared linear | .06+ .06 .06+.05 .02+.05 .10+ .05 .114+.05 .10+ .06 |[.06+.10 .31+.15 .124.15
specific linear|.03+ .08 .08+ .05 .06+ .05 [-14+.06 -12+.05 .09+.06 |[-01+.11 .03+13  n.
bilinear 114 .09 .09+.05 -13+.04|-144.05 -13+.05 124 05|08+ 14 .33+.14 13115

Table 3. Parcellation and network structure ablation. We report Pearson r on
10-fold cross-validation. For the Permutation baselines, we report mean + std r over
100 random permutations of region-to-network assignment.

Dataset — ‘ ABCD ‘ PNC H CCNP
Parcellation H Int. Ext. Total ‘ Int. Ext. p—factorH Int. Ext.  p-factor
Permutation  |.044.02 .07+.02 .07+.03|.09+.02 .10+.03 .09+.01 ||-.04+£.09 .194.05 .00+.06

16 x 16 shared | .02 .02 .05 .05 .09 11t -.03 11 .01
16 x 16 specific | .02 .10f .06 .04 .09 .08 -.02 25t 11t
16 x 16 bilinear| .01 .08 .06 .05 .10 .08 .00 11 -.05
7-network .05 .09" .09t .07 .10 .07 -.01 .22 .07t
17-network .11t 09t 13t | .14F 13t L12f .08 .33F  .13f

Bold': p < 0.05 by one-sided permutation test compared to Permutation baselines.

highest performance across all behavioral targets, supporting the advantage of
incorporating network-level structure over structurally agnostic SSL baselines
and supervised FC architectures trained within a single dataset. Among self-
supervised baselines, GraphMAE and BrainMass show competitive performance
on specific targets but exhibit higher variability across targets. In the out-
of-domain CCNP cohort, NERVE exhibits strong cross-cohort generalization,
achieving the highest observed correlation for externalizing symptoms (r = .33)
and competitive performance for the general psychopathology (p-factor) score.
These results further support the role of network-aware tokenization in enhanc-
ing representation stability beyond the training distribution. The only target
where NERVE does not achieve top performance is the internalizing phenotype
in the CCNP cohort, where supervised models trained specifically on CCNP
obtain higher correlations.

Tokenization Ablation. We compare three tokenization strategies within
the NERVE framework: i) shared linear, ii) patch-specific linear, and iii) the
proposed bilinear network-aware formulation (Table [2)). The bilinear formu-
lation consistently achieves the strongest overall performance, particularly on
in-domain datasets, while the patch-specific variant performs second-best in
most settings. The shared linear formulation remains competitive on the out-
of-domain CCNP samples, consistent with the idea that reduced parameteri-
zation benefits generalization. Overall, the proposed bilinear strategy achieves
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the strongest predictive performance, supporting the effectiveness of combining
constrained parameterization with an explicit network-level inductive bias.

Network Structure and Parcellation. To evaluate the interaction be-
tween network-based patching and the proposed network-specific bilinear tok-
enization, we design controlled ablations that modify patch definitions while
keeping all other architectural and training components fixed, isolating the effect
of anatomically grounded tokenization in NERVE. First, we perform 100 permu-
tation baselines by randomly shuffling region indices prior to patch assignment
within the 17-network parcellation [33]. This serves as a null model without
meaningful network structure. Second, we evaluate a vanilla MAE configuration
that partitions the FC matrix into fixed continuous 16 x 16 square patches fol-
lowing image-based practice [§]. We then encode these patches using the shared,
patch-specific, and proposed bilinear network-aware formulation, thereby remov-
ing explicit functional network grounding. Third, we test a coarser 7-network
parcellation [33] to assess sensitivity to network granularity. Table [3| reports
performance and one-sided permutation test p-values computed against 100
region-permuted baselines. NERVE with the 17-network parcellation achieves
the highest performance and significantly outperforms the baselines, supporting
the relevance of anatomically informed patch definitions. Notably, when network
structure is disrupted, patch-specific linear tokenization tends to outperform the
bilinear formulation, suggesting that the proposed bilinear factorization is most
effective when aligned with meaningful functional organization.

4 Discussion & Conclusion

Our results consistently demonstrate that incorporating network-level structure
improves stability and cross-cohort generalizability of FC representations. Nev-
ertheless, several limitations should be acknowledged. First, evaluation was con-
ducted within developmental cohorts and psychopathology measures. While this
setting reflects a clinically relevant and challenging prediction task, further eval-
uation across additional populations and phenotypic domains will help assess the
generalizability of the learned representations. Second, our framework currently
operates on static FC derived from a predefined parcellation. Extensions incor-
porating dynamic FC patterns [I3] or multimodal integration with structural
connectivity derived from diffusion MRI [I8] represent promising directions for
extending the proposed framework. Future work will focus on scaling to more
heterogeneous datasets, exploring alternative downstream tasks, and improving
interpretability of the learned representations. In particular, future analyses will
examine the learned network-specific weights in the bilinear embedding and char-
acterize attention patterns between network-aware tokens to better understand
how large-scale network connectivity patterns across parcellations contribute to
representation learning.

In this work, we introduced a self-supervised framework that incorporates
large-scale functional network structure into brain connectivity representation
learning through a bilinear tokenization strategy. Our results demonstrate that
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network-aware modeling provides a principled inductive bias for functional con-
nectomics and supports scalable cross-cohort brain—behavior mapping.
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