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Abstract. Graph Neural Networks (GNNs) have shown promise in brain
disorder diagnosis but remain vulnerable to noise and multi-site hetero-
geneity in functional connectivity data. Existing invariant graph learn-
ing methods extract stable substructures yet largely overlook sample-
dependent representation uncertainty. We propose SG-VIB, a probabilis-
tic framework built on a causal-inspired edge disentanglement backbone.
Its “Filter-then-Compress” mechanism uses Salience Gating to modulate
disease-relevant graph features before a Variational Information Bottle-
neck maps them into a stochastic latent space. Uncertainty-Aware Re-
liable Contrastive Learning (U-RCL) then converts posterior dispersion
into detached reliability weights during optimization. Experiments on
the multi-site ABIDE I cohort and an ADNI subset show consistent im-
provements over representative baselines.
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1 Introduction

Graph Neural Networks (GNNs) are a powerful paradigm for modeling func-
tional brain connectivity and diagnosing neurological disorders [1,2]. However,
fMRI data is susceptible to high-dimensional noise and multi-site heterogeneity
[3], and graph models may rely on spurious correlations that fail to generalize
across environments [4]. Recent invariant graph learning approaches therefore
seek substructures that remain stable across environments [5, 21].
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Despite their promise, these methods typically use deterministic embed-
dings [5,21] and do not represent sample-dependent uncertainty. This limita-
tion is consequential for noisy, heterogeneous neuroimaging data, where a single
point embedding cannot express how concentrated or dispersed a sample rep-
resentation is. The Information Bottleneck (IB) offers a principled framework
for filtering nuisance information [6], while its variational form enables stochas-
tic latent representations [7]. However, indiscriminate compression may remove
subtle disease-related patterns together with noise.

Invariant subgraph extraction identifies cohort-level stable patterns, whereas
uncertainty modeling characterizes how concentrated each sample’s latent rep-
resentation is. A deterministic invariant encoder may remain overconfident on
atypical observations, while unselective stochastic compression may weaken sparse
diagnostic patterns. This motivates coupling salience modulation with proba-
bilistic encoding.

Accordingly, we propose SG-VIB. Built on a causal-inspired edge disentan-
glement backbone, it applies Salience Gating before VIB to obtain stochastic
latent representations without indiscriminately compressing graph features. U-
RCL then converts posterior variance into detached reliability weights for con-
trastive learning. The resulting contributions are a probabilistic extension of
invariant brain graph learning, a Filter-then-Compress design, and uncertainty-
aware contrastive optimization.

2 Methodology

As illustrated in Fig. 1, SG-VIB combines a deterministic edge-disentanglement
backbone with Salience Gating, VIB, U-RCL, and consistency regularization.
The learned high-score subgraphs are treated as putatively invariant, disease-
relevant associations rather than formally identified causal subgraphs.
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Fig. 1. SG-VIB overview. A deterministic backbone refines the adjacency, disentangles
putatively invariant and complementary subgraphs, and encodes hy. Salience Gating
and VIB produce a stochastic representation (u, o), whose posterior dispersion weights
U-RCL.
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2.1 Deterministic Backbone

A lightweight BrainNetCNN-style front end [32], comprising Edge-to-Edge (E2E)
and Edge-to-Node (E2N) convolutions, first extracts topology-aware features
from the functional connectivity matrix. Following [21], learned edge attention
then separates high-score, putatively invariant edges from complementary edges.
A GOCN [15] with attention pooling encodes the former into h, € R

These stages serve distinct purposes: E2E aggregates row- and column-wise
context among incident connections while preserving the matrix structure, E2N
summarizes the resulting edge responses into node-level features for graph con-
struction, and edge attention identifies high-score connections within the con-
structed topology. Consequently, h, summarizes the selected graph pathway
before probabilistic processing. The following modules therefore model uncer-
tainty in this graph-level representation rather than uncertainty in individual
raw correlations.

2.2 Salience Gating Mechanism

To modulate residual noise before stochastic compression, a two-layer MLP gen-
erates a saliency mask m € [0, 1]? with Wy, W, € R¥x4:

m=o (W2 - ReLLU (LN(Wlhg + b1)) + b2> ) (1)

where LN(-) is Layer Normalization [8] and h = h, ® m. We initialize by = 2.0
so that the gate is initially open.

The graph-specific mask modulates representation dimensions rather than
thresholding edges. Its sigmoid range preserves gradient flow, while the positive
initialization makes the initial transformation close to identity and allows gradual
feature attenuation during training.

2.3 Variational Information Bottleneck: Stochastic Embedding

Following IB [6], the gated feature is encoded into stochastic latent parameters:

h, = Encoder(h), p=h,+MLP,(h,), logo?=MLP,(h.). (2)

The residual path anchors p to hy for optimization stability, while its learned
offset and variance remain conditioned on h; hence, the gate modulates but does
not block the posterior mean. Using reparameterization [9], z = g + € © o with
e ~N(0,1) and ¢4(Z|G) = N(p,0?). The VIB objective is

Lyviz = Lcr(9(2),y) + B(t) - Dk [46(Z|G)[Ip(Z)], ()

where g is the classifier and p(Z) is a standard Gaussian. To avoid posterior
collapse, 3(t) increases linearly from 10~* to 102 over the first 30 epochs.
Here, p carries the central discriminative representation, whereas o2 de-
scribes the spread of plausible latent realizations. Both depend on the salience-
conditioned encoder, while the residual affects only the mean. Cross-entropy
preserves label information and KL divergence regularizes the posterior.
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2.4 Uncertainty-Aware Reliable Contrastive Learning (U-RCL)

For graph G;, posterior variance controls the dispersion of latent draws around
;. We therefore define sample-level uncertainty as mean log-variance:

d
1 2
Uiza‘;logaij. (4)

The log scale matches the encoder output and averaging normalizes over dimen-
sions. This score measures latent posterior dispersion, from which we compute

exp(—u;)

S A e VA ith w, 4
Efoxp(—u)] 70 with w; + stop__grad(w;), (5)

where the expectation is the mini-batch mean and § > 0 ensures numerical
stability. Larger dispersion yields a smaller anchor weight. Detachment prevents
the model from reducing a difficult sample’s contribution merely by inflating its
variance.

Mini-batch normalization keeps the average weight close to one, so w; changes
the relative emphasis among anchors rather than uniformly shrinking the loss.
High-dispersion samples still contribute to classification and VIB and may occur
in other anchors’ positive or negative sets. Thus, U-RCL performs soft reliability-
aware reweighting rather than hard sample selection.

The uncertainty-weighted supervised contrastive loss [10] is defined as:

5y b A exp(2i - 7p/T)
Lu-reL = Z 1201 Z wj - log 5 (6)
i€l €P(i)

a€A(i) exp(z; + Zq/T)’

where z is fy-normalized, I indexes the mini-batch, P(i) = {p # i : yp = Ui},
and A(i) = I\ {i¢}. Anchors without positives are omitted.

2.5 Optimization

For consistency regularization, we draw two conditionally independent views
from the same posterior:
s iid.

Z=p+0Oe, Z=p+o0€, €€ < N(0I). (7)

Thus, z' — z ~ N(0,2diag(c?)) and its posterior-adaptive magnitude satisfies
Efllz’ — 2|3 | G] =23, 07. We minimize

Leons = ||z — Z/||§. (8)
The final objective is
Liotal = LviB + M Lu-rcL + A2Lcons, 9)

where validation-fold grid search selects A; € {0.1,0.5,1.0} and A2 € {0.01,0.1,0.5}.
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Together, VIB learns a predictive compressed posterior, U-RCL organizes
class-consistent neighborhoods with dispersion-aware weights, and consistency
regularization limits variation between posterior draws. Since o determines the
perturbation scale, this constraint adapts to each sample without another noise
hyperparameter.

3 Experiments and Results

3.1 Experimental Setup

Datasets and Preprocessing. We used two benchmark datasets: (1) ABIDE I
[1], with 1,035 subjects (505 ASD, 530 TD) from 20 acquisition cohorts con-
tributed by 17 institutions after quality control; and (2) an ADNI [11,27] rs-
fMRI subset selected for this study, with 92 subjects (31 AD, 61 NC) scanned
at 3.0T. Data were processed using DPARSF [12] (slice timing, realignment,
normalization, and band-pass filtering). Nodes were defined by the AAL atlas
[13]; Pearson correlations formed the functional connectivity matrix, from which
a sparse k-NN graph (k = 5) was constructed.

Baselines and Implementation Details. We compared SG-VIB with RF
[14]; GCN [15], GAT [16], GIN [17], and GRAND [23]; BrainGB [18], Con-
trasformer [24], and CCWBrainNet [25]; and the causal/invariant methods DIR~
GNN [5], CI-GNN [20], BrainIB [19], CIA-GCL [21], and DBGSL [26].

Models were implemented in PyTorch [29] and trained for 150 epochs using
Adam [30], an initial learning rate of 5x 10~%, and cosine annealing [31]. We used
d = 128, batch size 32, two GCN layers with attention readout, and 7 = 0.5.

We used diagnosis-stratified, subject-level 10-fold cross-validation, with each
subject tested once (103-104 ABIDE and 9-10 ADNI subjects per fold). Di-
agnosis stratification maintains comparable class proportions, and subject-level
separation prevents participant overlap between training and testing. Site was
not a stratification variable, so its fold-wise distribution follows the pooled cohort
rather than being fixed or balanced. All methods shared preprocessing, graph
construction, and subject splits; hyperparameters were selected on validation
data separated from each test fold. Thus, the reported mean and standard devia-
tion measure subject-held-out variation under a common pooled-cohort protocol
rather than leave-one-site-out generalization.

3.2 Results and Analysis

Table 1 shows consistent gains across threshold-dependent and ranking metrics.
On ABIDE I, SG-VIB reaches 74.8% ACC, 75.6% AUC, and 76.3% F1, improv-
ing ACC and AUC over CIA-GCL by 2.2 points. On ADNI, it obtains 78.1% AUC
versus 71.7% for the second-best method, together with the highest ACC and F1,
although the smaller cohort (N = 92) yields larger fold-wise variance. Its higher
Recall is accompanied by lower Precision than CIA-GCL on ABIDE I (73.2% vs.



6 Z. Yu et al.

74.5%) and ADNI (63.3% vs. 83.2%), indicating a sensitivity—precision trade-off
relevant to screening settings.

Table 1. Classification performance comparison (Mean + Std %). Best results are in
bold, and the second-best results are underlined.

Method ACC AUC F1 Recall Precision
Dataset 1: ABIDE I
RF 62.1+4.8 65.84+6.2 63.3+£3.7 63.2+3.6 63.3+5.3
GCN 66.1£6.2 66.21+6.2 65.2+8.0 65.5+13.2 67.6+8.2
GAT 68.7+3.9 68.51+3.5 69.444.2 72.248.3 64.544.2
GIN 67.3+4.2 67.8+4.1 67.3+4.2 68.9+5.2 66.3+6.9
DIR-GNN 68.7£1.6 67.3%1.3 63.8+£2.5 57.6+£3.2 73.3£10.2
BrainGB 70.54+4.2 74.31+5.0 70.2+4.2 71.34+6.3 72.6+£7.2
Contrasformer 68.9+2.3 70.6+2.6 68.7£2.7 70.9+6.0 67.7+3.9
CI-GNN 71.2+2.2 73.1+3.4 70.24+3.2 72.3+4.3 70.1£2.8
GRAND 71.1+4.3 72.844.2 71.4+6.9 7244124 71.91+4.6
CCWBrainNet 67.2+£2.0 72.3+2.1 66.3+£3.7 69.2+5.5 63.1+5.8
BrainlB 70.1£2.4 72.843.2 70.41+2.6 70.1+4.1 71.2+3.6
CIA-GCL 72.6+3.1 73.44+4.6 72.243.0 71.24+7.8 74.5+£6.5
DBGSL 72.2+4.1 73.243.8 73.7+4.5 76.6£9.0 T71.845.2

SG-VIB (Ours) 74.843.0 75.6t4.5 76.3+3.6 80.5+8.6 73.2+4.6
Dataset 2: ADNI

RF 65.2+13.5 54.9+£20.1 41.2+31.8 38.3£30.6 45.5£35.1
GCN 70.3£8.7 49.0£17.1 31.0£32.4 30.0+31.4 33.3£35.7
GAT 74.5£12.0 56.24+30.8 35.3+37.5 30.0+31.0 46.6+47.6
GIN 68.0£4.7 42.0+£16.6 15.8£21.8 26.6+35.1 18.6£24.0
DIR-GNN 80.7+14.2 71.7+£29.3 60.0+44.2 54.0+£39.8 56.1+41.1
BrainGB 79.84£8.8 63.6£31.9 46.6+£36.4 65.0£43.5 51.4+35.2
Contrasformer 72.3+£11.4 53.24£27.8 31.6+£34.2 26.5£31.2 40.8+43.1
CI-GNN 79.8£9.8 66.6£24.4 48.3+38.1 63.5+43.4 51.6£36.6
GRAND 77.5£6.2 61.9£31.3 54.6£28.3 53.3£33.1 65.3+£36.6
CCWBrainNet 74.5+12.3 54.8430.0 32.54+36.9 27.3+33.7 42.01+46.5
BrainlB 78.4+10.1 64.8423.1 50.1£35.9 46.6+37.8 59.8441.2
CIA-GCL 80.5£7.0 66.6£17.6 64.2+£17.4 60.8£29.4 83.2+18.4
DBGSL 75.6+10.4 39.64+40.0 40.1+40.3 44.24+45.3 38.5+39.5

SG-VIB (Ours) 82.0+8.4 78.1+£10.9 68.9+16.0 82.5+18.4 63.3+22.1

3.3 Ablation Study

Table 2 evaluates key components on ABIDE I. The w/o U-RCL variant sets
w; = 1 in Eq. 6 while retaining consistency regularization.

The w/o Gate variant already benefits from stochastic encoding and U-RCL,
explaining its strong AUC. Adding the gate raises ACC from 74.2% to 74.8% but
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Table 2. Ablation study on component contributions (ABIDE I dataset). Gate:
Salience Gating Mechanism; VIB: Variational Information Bottleneck; U-RCL:
Uncertainty-Aware Reliable Contrastive Learning.

Model Variant Components Metrics (%)
Gate VIB U-RCL ACC AUC F1
Backbone Only 72.6 73.4 72.2
SG-VIB w/o Gate v v 74.2 7.4 76.8
SG-VIB w/o U-RCL v v 73.6 75.5 75.9
SG-VIB (Full) v v v 74.8 75.6 76.3

slightly lowers AUC and F1; consistent with the residual path in Eq. 2, the gate
modulates rather than exclusively selects information. Replacing U-RCL while
retaining VIB and consistency regularization reduces ACC to 73.6%, isolating
the benefit of reliability-aware anchor weighting. Overall, the full probabilistic
extension improves ACC and AUC over the deterministic backbone by 2.2 points.

3.4 Clinical Interpretability and Discussion

Figure 2 presents the model-selected disease-relevant substructures through chord
diagrams and spatial brain maps. These patterns are interpreted as disease-
related associations rather than identified causal effects.

Across both views, TD subjects (Fig. 2a, ¢) exhibit dense, distributed connec-
tivity, whereas ASD subjects (Fig. 2b, d) show sparse long-range links and hyper-
connected local clusters, consistent with the “local over-connectivity, global under-
connectivity” hypothesis [22].

The two visualization modes are complementary: chord diagrams emphasize
group differences in inter-regional topology, while spatial maps locate the high-
lighted connections on the brain surface. Their qualitative agreement suggests
that SG-VIB captures a shift between distributed and locally concentrated con-
nectivity rather than depending on a few isolated regions.

Beyond this cross-view agreement, the visualization clarifies the division of
roles within SG-VIB. The edge-disentanglement backbone selects the connec-
tions forming the disease-relevant subgraph, whereas Salience Gating and VIB
process the resulting graph-level representation. Thus, the visualized topology
remains attributable to learned edge scores, while posterior dispersion controls
reliability-aware optimization. Read alongside the ablation results, this separa-
tion links the quantitative gains to an interpretable reorganization of network
connectivity without conflating edge salience with the uncertainty estimate.

From this perspective, examining coordinated network patterns complements
the interpretation of individual connections because functional differences may
span multiple interacting regions. SG-VIB summarizes these patterns through
selected subgraphs, while U-RCL moderates the influence of highly dispersed
representations during training. The visualization therefore provides a qualita-
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(c) TD Spatial Map (d) ASD Spatial Map

Fig. 2. Model-selected disease-relevant substructures. TD subjects (a, c¢) show dis-
tributed connectivity; ASD subjects (b, d) show local over-connectivity and sparse
long-range links. Spatial maps were rendered with BrainNet Viewer [28].

tive counterpart to the classification results and illustrates how reliability-aware
learning can preserve coherent group-level connectivity structure.

4 Conclusion

SG-VIB extends invariant brain graph learning through Filter-then-Compress
variational encoding and posterior-dispersion-aware contrastive learning, pre-
serving disease-relevant features while recalibrating sample influence. Experi-
ments on ABIDE I and ADNI show consistent gains over deterministic baselines
and yield disease-relevant associative patterns.
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