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Abstract

Decoding human cognitive states from neural activity is a core
challenge in artificial intelligence and computational neuro-
science. Functional Magnetic Resonance Imaging (fMRI) cap-
tures high-dimensional spatiotemporal patterns of brain activ-
ity, yet characterizing cognitive states based on modeling the
complex, dynamic dependencies among distributed regions re-
mains difficult. While Graph Neural Networks (GNNs) to rep-
resent the brain as a structured graph has advanced functional
connectivity (FC) analysis, they suffer from limited generaliza-
tion, reliance on large labeled datasets, and poor transferability
across neuro-imaging tasks. We introduce Graph-Language
alignment for Diagnosis (G-LaD), that integrates graph repre-
sentation learning with Large Language Models (LLMs) for
data-efficient brain graph classification. G-LaD first pretrains a
graph encoder, built upon Graph Isomorphism Network layers
using a reconstruction-driven Denoising Autoencoder, to cap-
ture structural and topological invariants. In the second stage,
distribution-level alignment between graph and language rep-
resentations is achieved via a Sinkhorn-divergence objective,
enabling smooth and transferable cross-modal mapping. Fi-
nally, a Chain-of-Thought prompting mechanism guides the
LLM to perform reasoning-driven predictions. Empirical eval-
uations on the ABIDE dataset demonstrate superior few-shot
generalization and robust performance of G-LAD in neuro-
degenerative disorder classification.

1 Introduction

Understanding and decoding human cognitive states from
neural activity remains a central challenge in artificial in-
telligence and computational neuroscience (Mitchell et al.
2004). Functional Magnetic Resonance Imaging (fMRI) pro-
vides a powerful, noninvasive window into brain dynamics
by measuring blood-oxygen-level-dependent (BOLD) sig-
nals (Logothetis and Wandell 2004). These signals form a
high-dimensional spatiotemporal map that serves as an estab-
lished proxy for neural activation patterns. The fMRI signal,
however, is inherently noisy and high dimensional, reflect-
ing complex interactions among spatially distributed brain
regions. Traditional machine learning models, which rely on
handcrafted features or linear assumptions, struggle to cap-
ture these nonlinear and dynamic dependencies (Abraham
et al. 2017; Lee et al. 2014).
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Deep learning has shown growing capability for fMRI
analysis (Wen et al. 2018). Convolutional Neural Networks
(CNNs) can extract local spatial features but often impose
grid-like assumptions that disregard the intrinsic functional
organization of the brain. Graph Neural Networks (GNNs)
offer a more biologically grounded representation by model-
ing the brain as a graph in which regions of interest (ROIs)
correspond to nodes and functional connections define the
edges (Bessadok, Mahjoub, and Rekik 2022). Despite their
success, graph-based approaches face persistent challenges.
Their generalization is often limited by class imbalance, de-
pendence on large labeled datasets, and poor transferability
across diagnostic or cognitive tasks. These issues underscore
the need for more adaptable and data-efficient graph learning
frameworks capable of capturing the complexity and variabil-
ity of brain functional connectivity. To mitigate the reliance
on labeled data, self-supervised graph learning methods have
been introduced (Peng et al. 2022). Yet, these techniques
typically require extensive task-specific fine-tuning to per-
form well on downstream objectives, restricting their utility
in few-shot and zero-shot settings.

In light of these limitations, Large Language Models
(LLMs) have recently emerged as powerful universal learners,
showing strong performance in few-shot and zero-shot graph
reasoning tasks, particularly on knowledge and text-attributed
graphs (Chen et al. 2024b; Jin et al. 2024). However, translat-
ing graph structure into natural language often leads to subop-
timal representations, as the contextual dependencies among
neighboring nodes are not effectively preserved(Huang et al.
2023). Some studies have explored using LLMs to generate
enriched node embeddings that are subsequently processed
by GNN:ss, but these approaches remain constrained by the
predictive limitations of traditional GNN architectures (Chen
et al. 2024a; Tang et al. 2024).

In this paper, we leverage LLMs as graph predictors and
demonstrate that LLMs are capable of reasoning directly over
neuro-imaging graphs. In doing so, we overcome the SOTA
limitations wherein LLM performance as graph predictors
has been inconsistent. The central challenge lies in learning
transferable graph representations that generalize across het-
erogeneous datasets and tasks when interacted with LLMs.
Moreover, the ability of language models to reason directly
over neuro-imaging graphs remains largely unexplored.

The core idea underlying language model-based predictor



Self-supervised Few-shot / Label Graph-1 Balanced Di

Method Representation  Efficient Focus Alignment Objective

BrainNetCNN X X X X
BrainGNN X X X X
GCDA v v X X
ALTER X X X X
G-LaD (Ours) v v v 4

Table 1: Comparison of G-LaD with representative brain
network models. A v indicates the presence of a desirable
property, while X indicates its absence.

frameworks is to pre-train a functional Encoder and align
its latent representations with the token embeddings of a
frozen LLM. However, existing approaches typically per-
form instance-level alignment, which may be insufficient for
capturing global structural semantics across diverse graph
tasks.

To address these limitations, we introduce Graph-
Language alignment for Diagnosis (G-LaD), a novel two-
stage framework for brain functional connectivity analysis.
In the first stage, we pre-train a graph encoder built upon
Graph Isomorphism Network (GIN) (Xu et al. 2018) layers
using a denoising Autoencoder architecture (Vincent et al.
2008) to learn robust topological representations. In the sec-
ond stage, rather than relying on instance-level alignment,
we employ distribution-level alignment through a Sinkhorn-
divergence—based training objective (Oneto et al. 2020), pro-
moting smoother and more transferable representation match-
ing. Finally, we incorporate Chain-of-Thought (CoT) instruc-
tions (Wei et al. 2022) to guide the LLM reasoning in pro-
ducing the final predictions.

To the best of our knowledge, this study is the first to
introduce a CoT—driven LLM predictor for brain graph clas-
sification. Comprehensive experiments validate the effective-
ness of the proposed framework, highlighting its capability
for robust few-shot generalization and accurate prediction of
neuro-degenerative disorder. The contributions of this study
are summarized as follows:

* We propose G-LabD, the first framework that integrates
graph-based brain representations with large language
models through a distribution-level alignment mechanism.

* We develop a trainable projection module trained with
a Sinkhorn-divergence—based objective, establishing a
bridge between the graph embedding space and the LLM
token embedding space for structure—semantic alignment.

* We introduce an auxiliary balancing loss that explicitly
mitigates class imbalance in neuroimaging datasets.

» Extensive experiments on the ABIDE benchmark dataset
(Di Martino et al. 2014) demonstrate the effectiveness of
the proposed framework.

2 Problem Description and Related Work
2.1 Problem Description

Let each subject be denoted as .S;. The corresponding BOLD
signal is represented as B; € R"*”i where n denotes the
number of Regions of Interest (ROIs) and 7; represents the
temporal length of the fMRI scan for subject ¢. Each row

of B; encodes the time series of the BOLD response for a
specific ROI. From the BOLD signals, we derive a functional
connectivity (FC) matrix A; € R™*"  where each element
apq quantifies the statistical dependency (e.g., Pearson cor-
relation, partial correlation, or mutual information) between
the p™ and ¢™ ROIs. Each ROI is further associated with a d-
dimensional feature vector, forming the node-feature matrix
X; € R™* d.

Hence, each subject S; can be expressed as a weighted
graph G; = (V;, &, X, A;), where V; and &; denote the sets
of nodes (ROIs) and edges (functional connections), respec-
tively. The objective is to learn a parameterized mapping

fo : (Xi, Ay) = yi,

where fg represents a classifier, parameterized by ©, that
predicts the diagnostic or cognitive state label y; of sub-
ject S;. The goal is to optimize fg such that it generalizes
across subjects and tasks under limited supervision, enabling
robust few-shot prediction of neurological disorders. This
problem setup has inspired diverse methodological advances
in neuro-imaging based disorder prediction, as discussed in
the following related works.

2.2 Related Work

Brain Functional Analysis. Several studies have ex-
plored graph learning paradigms for brain network analysis,
addressing tasks such as neurological disorder diagnosis and
biological sex prediction. Informative features are extracted
from the fMRI data using techniques such as clustering-based
methods and decomposition-based frameworks (Wee et al.
2012; Tang et al. 2016). Then, these features are used for dis-
ease prediction through classical machine-learning models,
including ridge classifiers, logistic regression, and support
vector machines (Abraham et al. 2017; Lee et al. 2014; Morra
et al. 2009). These methods often neglect the essential topo-
logical properties of brain networks, which characterize the
complex interactions among distinct brain regions.

In recent years, GNNs have emerged as powerful architec-
tures capable of exploiting the inherent structure of brain
connectivity data (Bessadok, Mahjoub, and Rekik 2022).
BrainGNN (Li et al. 2021) develops ROI-aware graph convo-
Iutional layers that leverages the topological and functional
information of fMRI. (Kan et al. 2022a) introduced a dynam-
ically learnable brain network that optimizes connectivity
patterns during training. GCDA (Wang et al. 2025) enables
self-supervised brain graph representation learning by lever-
aging a diffusion-based augmentation method.

Recently, there has been a growing interest in applying
transformer architectures to brain network analysis in order
to capture the long range dependencies. For example, Brain-
NetTF (Kan et al. 2022b) leverages connection profiles as
effective and computationally efficient positional encodings,
while ALTER (Yu et al. 2024) employs adaptive random-
walk—based positional strategies to capture long-range depen-
dencies across brain regions.

A small set of work has explored the use of LLMs for
brain network analysis, and their role has been largely lim-
ited to incorporating auxiliary textual information (Wang
et al. 2024; Xu et al. 2025). These approaches still rely on



GNNss as the primary classifiers and thus inherit their limited
generalization capability.

Language Models for Graph Tasks. Recent efforts
have explored coupling GNNs with LLMs by designing dual-
encoder frameworks and aligning graph and text representa-
tions at the instance level, typically via contrastive learning
or EM-based training. Representative models such as MoMu
(Su et al. 2022), MoleculeSTM (Liu et al. 2023), and Con-
GraT (Brannon et al. 2023) build domain-specific encoders
tailored to tasks like molecular analysis or social network
mining, and rely on sample-wise graph—text pairs for su-
pervision. Extensions including G2P2 (Wen and Fang 2023,
2024), GRENADE (Li, Ding, and Lee 2023), THLM (Zou
et al. 2023), and GLEM (Zhao et al. 2022) enhance this
paradigm through refined alignment objectives or iterative
pseudo-labeling, but still operate within application-specific
pipelines and constrained modality-matching protocols.

Despite recent progress, the application of LLMs to
achieve few-shot generalization in brain functional connec-
tivity analysis has not yet been investigated.

3 G-LAD Framework

In this section, we describe the proposed two-stage G-LaD
framework for brain disease classification that integrates the
learned fMRI graph representation with the token embedding
space of a frozen LLM. The proposed framework is structured
into two sequential stages, as illustrated in Figure 1. First,
we construct a brain functional graph G; = (V;, &, X;, A;)
from the preprocessed fMRI region-aware time series data,
and feed it to the first stage of the framework that uses Self-
Supervised Graph Representation Learning to translate G;
into a compact, topology-aware embedding. In its second
stage, G-LaD integrates the embedding with a frozen LLM
for prompt-driven, few-shot classification, using distribution
matching by training a Graph Adapter.

3.1 Functional Connectivity Estimation

Estimating functional connectivity (FC) from the BOLD sig-
nal is a critical step for constructing brain graphs suitable for
representation learning with GNNs. For each subject .S;, we
compute an ROI-wise similarity matrix C; € R"*", defined
as

sim(b"), b)) sim(b!"), b{™)
C; = : W
sim(b{", b{") sim(b{", b{"))

where bz(-k) = B[k, :] denotes the BOLD time series of the
k™ ROI for subject i, and sim(+, -) is a similarity function that
captures pairwise temporal dependencies between ROIs.
Empirical studies suggest that distinct similarity met-
rics capture complementary aspects of neural connectivity.
Among these, the Pearson correlation coefficient remains the
most widely used measure for FC estimation, defined as

o, B =m0 - )]
p(b;”,b;") = , @

O—bgp) O-bg'”

(p)

where ;" and (N0) denote the mean and standard devia-

tion of the BOLD éignal for ROI p. Finally, a non-negative
threshold 7 is applied to the similarity matrix to construct
the binary or weighted adjacency matrix A; = I1[C; > 7],
which represents the final functional connectivity graph for
subject .S;.

Node attributes for each region of interest (Rol) are ob-
tained from partial correlation coefficients, computed via the
inverse covariance matrix of the BOLD signals, and repre-
sented as X;. In this study, we employed Pearson correlation
to construct the brain connectivity graphs, while partial cor-
relation coefficients were used as graph features.

3.2 Self-Supervised Graph Representation
Learning via Denoising Autoencoder

To extract robust and invariant representations from brain
graphs, we employ a self-supervised pretraining stage formu-
lated as a Denoising Auto-Encoder (DAE). The objective is
to learn an encoder capable of mapping each subject-level
brain graph into a latent representation that preserves intrin-
sic structural connectivity while being resilient to noise or
partial corruption.

The DAE consists of two jointly optimized components:
an encoder F and a decoder D. The encoder F is parame-
terized using Graph Isomorphism Network layers to ensure
expressive structural discrimination. For each subject .S;, a
stochastic corruption is applied to the adjacency matrix, pro-
ducing a noisy version A}. The perturbed graph is denoted
as Gl = (V;, &, X;, Al), and its latent representation is com-
puted as Z; = F(G!) € R"*/.

The decoder D reconstructs the original connectivity pat-
tern by predicting edge probabilities between node embed-
dings through a bilinear interaction, A; = o(Z;Z, ), where
o(+) denotes the logistic sigmoid function.

Both modules are optimized jointly using a binary cross-
entropy reconstruction loss:

Z [Ai [u, v] log A;[u, v]

u,vEV;

ﬁrec =

+u—Amwm%a—mmmﬂ.($

Through this denoising objective, the encoder learns
topology-preserving representations that are invariant to
stochastic perturbations and capture the latent structure of
brain connectivity graphs, providing a strong initialization
for subsequent alignment and prediction stages.

Subject-Level Representation. After the denoising pre-
training stage, the encoder F is employed as a graph feature
extractor to obtain subject-level representations. For each sub-
ject graph G;, the encoder produces node-level embeddings.
To aggregate node-level information into a single subject-
level embedding, we employ a permutation-invariant READ-
OUT function. In this work, we use the mean pooling op-
eration. The resulting vector g; € R/ encodes the global
topological and functional characteristics of the subject’s
brain network within a compact latent space.
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Figure 1: Overall workflow of the G-LaD framework. Stage 1 learns robust brain-graph embeddings via a self-supervised
denoising graph autoencoder trained on functional connectivity graphs derived from fMRI. Stage 2 injects the learned embeddings,
along with demographic features and task instructions, into a frozen Large Language Model for multimodal reasoning, while

only a lightweight adapter and classifier are trained.

3.3 Multimodal Graph-Language Alignment

In the second stage of the G-LaD framework, a pre-
trained and frozen LLM is employed to process the subject-
level representations, facilitating the extraction of disease-
specific patterns for diagnostic prediction. This stage imple-
ments a project-inject-reason-classify architecture, where a
lightweight, trainable adapter is optimized using a novel com-
posite loss function, enabling the LLM to perform few-shot
and CoT reasoning by directly integrating structural graph
information with textual patient metadata.

To bridge the modality gap between the numerical graph-
level representation g; € RY obtained from Stage 1 and the
semantic embedding space of the frozen LLM, we introduce
a learnable projector P : R/ — R% which maps graph
embeddings into the token-embedding space of the language
model.

Architecture and Training Objective. The second stage
classifier is composed of three core components: (i) a train-
able Graph Adapter P that projects the learned graph embed-
dings into the token embedding space of the language model,
(ii) a frozen LLM backbone fi1y that performs multimodal
contextual reasoning, and (iii) a lightweight Classification
Head v that maps the fused representation of the LLM to
disease predictions. The adapter P and the head v are the
only trainable modules in this stage, and all learning is driven
by a unified composite loss that jointly optimizes: modality
alignment, clinical discriminability, and class balance.

Graph-Language Adapter Network. The subject-level
representation produced by the graph encoder resides in a
numerical latent space that is inherently misaligned with the
semantic token embedding manifold of the LLM. To enable
effective cross-modal interaction, we introduce a learnable

projection network P that maps graph-derived embeddings
into the token embedding space of the frozen LLM.

Formally, for each subject representation g; € R/, the
adapter produces a projected embedding

g?roj p— ’])(gb) , g?roj c Rdmudcl , (4)

where dpoqe1 denotes the dimensionality of the LLM token
embedding space.

The adapter P is instantiated as a lightweight multi-layer
perceptron and serves two central roles: (i) modality bridg-
ing, by transforming graph-derived embeddings into a rep-
resentation compatible with the semantic token space of the
language model, and (ii) dimensionality alignment, by map-
ping the graph embedding dimension to the token embedding
dimensionality required by the pretrained LLM.

In particular, we employ a Sinkhorn-divergence based
modality alignment loss which minimizes the discrepency be-
tween the distribution of the projected graph representations
and the token embeddings. Let Q and I/ denote the distribu-
tions of the projected graph embeddings and a batch of LLM
token embeddings, respectively. The alignment objective is
defined as

Lsinkhorn = Se(Q,U) , (5)

where S(-, -) denotes the Sinkhorn-divergence.

Definition 1 (Sinkhorn Divergence) Let Q and U be two
probability distributions defined on a metric space VV with
cost function ¢ : W xW — R.. The entropically regularized
optimal transport objective is

OT.(Q,U) = inf

c(x,y)dm(x,y) + eH(m)|,
Lt Uw( y) dn(z,y) + eH(r)

(6)
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Figure 2: Stage-2 multimodal alignment and reasoning
pipeline of G-LaD. The graph embedding from Stage-1 is
projected into the LLM token space and injected into a struc-
tured prompt along with clinical information. The frozen
LLM performs multimodal reasoning, while only the projec-
tion module P and classifier ¢ are trained, enabling effective
graph-to-language alignment for ASD classification.

where € > 0 is the entropic regularization coefficient and
I1(Q, U) denotes the set of joint couplings with marginals Q
and U. The entropy term H(r) is given by

dr(x,y) )
H(m) = / lo ( dr(z,y). (7
The Sinkhorn divergence between Q and U is then defined as

5(QU) = OT.(QU) ~ 50T.(Q, Q) ~ JOT.UU).
(®)
By minimizing this differentiable Sinkhorn-divergence
Lsinkhorn, the projection network P learns to align the dis-
tribution of the graph embeddings with that of the LLM
token space, thereby enabling effective cross-modal corre-
spondence without updating the LLM parameters.

Multimodal Injection and Reasoning. Once the graph

representation gt is projected into the token embedding
space of langauge model, it is injected into a textual reasoning
prompt to leverage the knowledge of LLM. Each training
instance is formatted as a CoT instruction, which combines
structured patient metadata with reasoning cues as shown in

Figure 3.

The prompt is tokenized to obtain a sequence of IDs

J = [j1,-..,Jr), which is further converted into token em-

beddings E = Embed(J) € RT*dmai The position jgrapn

corresponds to the <|graph | > token, which serves as the in-

jection point for the projected embedding ¢, which means:

E[jgraph] — ggmja (9)

producing a multimodal prompt sequence FEy,,q. This mod-
ified sequence is passed through the frozen LLM fim:

H = fLLM(Emod)7 where H = [hl, hg, ey hT] (10)

Here, the LLM integrates ¢"" with the natural language
prompt, enabling its internal attention layers to process the
injected graph representation as if it were a native semantic
token.

Answer Extraction and Discriminative Alignment. The
LLM output sequence H contains contextualized hidden
states for all generated tokens, but the prediction of the model
is fixed to the position of <|answer | > token. The hidden vec-
tor at that token position, hy,s = H[igns], summarizes the
multimodal reasoning of the LLM, combining textual context,
demographic information and the functional connectivity-
derived knowledge. This fused representation is then passed

Stage 2: Chain-of-Thought (CoT) Prompt W

Instruction. Analyze the provided brain
graph token and subject demographics for a
given subject to classify Autism Spectrum
Disorder (ASD) vs. Healthy Control (HC).
First, provide a step-by-step analysis based
on the graph token and subject demographics.
Finally, conclude with the single-word
classification: ASD or Control.

Demographics (Example). 24y Male,
Right-Handed, Site NYU, FIQ 110, VIQ 112,
PIQ 108, FD ©.120mm.

Graph Token. <|graph|>

Analysis and Final Answer. <|answer|>

Figure 3: The complete Chain-of-Thought (CoT) prompt
used in Stage 2. This text is fed to the LLM, combining
(1) a CoT instruction, (2) formatted patient demographics,
and (3) two special tokens. The <|graph|> token is a place-
holder where the projected graph embedding (gP™ = P(g))
is injected. The final hidden state at the <|answer |> token’s
position (h,yg) is extracted and passed to the classification
head ().



Data Split | Total Subjects | HC | ASD
Train 653 301 | 352
Validation 82 38 44
Test 82 38 44

Table 2: Dataset partition for ABIDE. Subject distribution
across training, validation, and test sets, illustrating propor-
tional representation of Healthy Controls (HC) and individu-
als with Autism Spectrum Disorder (ASD).

to the Classification Head v, which is a trainable MLP repre-
sented as L = 1(hays), where L € RC produces logits over
C disease categories. In this work, we focus on the standard
binary classification paradigm for neurological disorder pre-
diction commonly adopted in the neuroimaging literature. To
ensure meaningful training, ¢) and P are optimized not by
standard cross entropy loss but via a ranking-based AUC loss
L avc, which directly maximizes diagnostic discrimination,

'CAUC = E(sposvs’nﬁg) [Softplus(_(Spos - Sneg))] (] 1)

where softplus(z) = In(1 + exp”), Spos and s, denote
the logits corresponding to positive and negative cases within
a batch. This explicitly increases the margin between positive
and negative predictions by directly optimizing the area under
the ROC curve (AUC), which is a more robust metric for
imbalanced medical datasets.

However, AUC optimization alone can induce class dom-
inance. To prevent this, we introduce a Cross-Entropy Dif-
ference Regularizer £ ,;, which ensures that both classes in
binary classification remain equally difficult to classify,

LBal = | Ejy,=1)[Lcr(Li, vi)] = Egly,—0) [Lor(Li, yi)] ‘
12)
where ; corresponds to the ground-truth label for the i*"
subject. Though cross-entropy is not used as a primary loss,
it is used within this regularizer. This term acts as a stabilizer,
penalizing imbalance across classes and thereby ensuring
consistent performance even under severe label skew, gener-
ally found in medical datasets.

Composite Loss and Unified Optimization. The complete
training process of the second stage classifier unites the above
objectives into a single differentiable composite loss Lyo¢41,

Liotar = aLsinkhorn + BLAUC + VL Bal (13)

where «, 3, and +y are the hyperparameters balancing the re-
spective contributions of semantic alignment, discriminative
ranking, and balance regularization. This integration ensures
that the adapter learns to project the brain graph embeddings
into the token space of a frozen LLM, the LLM learns to
reason over structured brain information, and the classifier
learns to make robust predictions.

4 Experimental Results

In this section, we conduct extensive experiments to evaluate
the effectiveness of our proposed G-LaD framework in lever-
aging the latent reasoning capability of a frozen LLM for
few-shot brain disorder classification. Our central research
question is:

Can aligning graph-structured functional neuroimaging
representations with a semantic space of a pre-trained lan-
gauge model enhance diagnostic accuracy and robustness
under data-scarce conditions?

4.1 Dataset and Preprocessing

Experiments are performed on the Autism Brain Imaging
Data Exchange (ABIDE) dataset (Di Martino et al. 2014), a
benchmark multi-site collection of resting-state fMRI scans
along with demographic and clinical metadata. ABIDE ag-
gregates data from multiple international imaging centers,
enabling the study of autism-related neurobiological patterns
under diverse acquisition conditions and population variabil-
ity. The task is formulated as a binary classification problem:
distinguish individuals diagnosed with Autism Spectrum Dis-
order (ASD) from Healthy Controls (HC).

Pre-processing. To construct the brain graph, we first pre-
process the fMRI data using the DPARSF (Yan and Zang
2010) pipeline for standard resting-state fMRI correction and
normalization. We then segment the brain into predefined
ROIs based on the AAL atlas (Tzourio-Mazoyer et al. 2002),
and extract the average time-series signal from each ROI to
serve as node-level features.

4.2 Experimental Setup

Dataset Partitioning. In Stage 1, 80% of the dataset is
allocated for pre-training. For Stage 2, we employ stratified
partitioning, utilizing an 80:10:10 distribution ratio for the
purposes of training, validation, and testing to ensure propor-
tional representation of both classes across sets, as shown
in Table 2. To simulate realistic data-scarce scenarios, the
training is further subsampled to create 5% and 10% few-shot
subsets, while preserving class balance.

Model Configuration. The Stage-1 encoder of G-LaD uti-
lizes a 3-Layer GIN. Each layer applies linear transformation,
followed by Batch Normalization and Dropout. This encoder
architecture choice is based on the fact that GINs are amongst
the most expressive MPNNs for capturing fine-grained topo-
logical information in brain connectivity graphs.

In Stage-2, we employed a frozen Llama-3-8B model
(Grattafiori et al. 2024) within G-LaD. As discussed ear-
lier, only the Stage-1, adapter (¢) and the classification head
(1) are trainable, while the LLM backbone remains frozen
throughout all experiments.

Training Details. The G-LaD framework is trained end-to-
end using the steps defined in the earlier section. The losses
are optimized using the AdamW optimizer with differentiable
learning rates under a cosine learning rate schedule with a
10% warm-up phase. Stage-2 is trained for 30 epochs with
a batch size of 16, and early stopping based on validation



Few-shot Setting | Method Type | Accuracy T | Specificity T | Sensitivity T AUC 1 F171
GCN 51.22.1 275 | 231611357 | 84.09.560 | 51.4216.41 | 66.4510 32
GAT 50.954265 | 25.10414.20 82.3049.10 | 51.1045.90 | 65.80+3.10
GIN 51.7012.40 | 24.05113.00 83.10+8.90 | 51.9046.00 | 66.1042.80
59, Bra@nGNN 52.56i3_10 44.65:|:27.56 57~45:|:22.67 50-45:|:4.67 51-67:|:6.87
BrainNetCNN 53.40:‘:3.20 46.10:|:25_40 60.20:‘:21.30 52.10:|:4‘90 53.90:|:7‘5()
GCDA 57.2043.05 48.95193.70 62.75419.85 54.6044.50 56.4047.10
ALTER 56.104+2.95 49.85195 90 63.404+19.20 55.5044.30 57.3046.80
G-LaD (Olll‘S) 60.00:‘:2‘18 54.74:‘:19‘29 64.55:‘:20.05 59.96:‘:2‘16 62.01:&9.71
GCN 93.784+256 | 43.63420.97 | 57.67119.45 | 58.00+£4.16 | 55.4946.54
GAT 54.101070 | 44.20418.00 | 58.30418.10 | 58.401430 | 55.9046.20
GIN 54.0012.35 | 42.95119.10 | 59.10418.90 | 58.1044.45 | 56.1016.40
10% BrainGNN 54-45:t4.84 33-45:|:17.56 69.76:‘:24_56 57.43:|:5_10 57.45:‘:15_45
BrainNetCNN 55.80:‘:3.90 36.80:|:18.10 71.95:‘:22.10 58.95:&5,20 58.90:|:8‘9()
GCDA 59.801350 | 45.50417.85 | 71.2049050 | 60.7014.80 | 61.2018.40
ALTER 58.60+320 | 41.10418.00 | 70.404+19.90 | 61.80+5.00 | 62.40+5.10
G-LaD (Olll‘S) 64.63:‘:3‘11 54.73:&19‘90 73.18:&17.34 63.57:‘:6‘12 68.24:|:6.19

Table 3: Few-shot Autism Classification Performance on ABIDE. Classification performance under 5% and 10% few-shot
settings across traditional GNN architectures (GCN, GAT, GIN), brain disorder—specific baselines (BrainGNN, BrainNetCNN,
GCDA, ALTER), and our proposed G-LaD framework. G-LaD consistently achieves superior and more balanced performance

across all metrics in both few-shot regimes, highlighting its robustness and generalization in scarce-data scenarios.

Few-shot Setting Ablation Variant Accuracy T | Specificity T | Sensitivity 1 AUC T F11
Only Stage-l 54.88:|:2,40 92-11:|:29.62 22~73:|:28.92 50.31:‘:1.52 35~09:|:15.65
W/0 Lsinkhorn & LBar | 52.68+4.10 | 41.3142664 | 62.50+19.62 | 49.7346.31 | 57.3847.61
5% w/o Lsinkhorn 54.074508 | 47.66+16.03 | 59.60+19.01 | 53.85+4.60 | 56.93+10.41
w/o ACBal 56.25:|:4,10 41~]—2:t12.81 69.32:‘:12_57 56.02:‘:4.27 59.86:‘:6_10
G-LaD (Olll'S) 60.00:&2,18 54.74:‘:19.29 64.55:&20.05 59.96:|:2,16 62.01:|:9.71
Only Stage-l 56.10:|:2,61 68.42:|:19_37 45~45:|:16.56 52.63:‘:5.11 53.17:‘:7_54
W/0 Lsinkhorn & LBal | 53174401 | 56.84421.02 | 50.00420.80 | 51.4146.19 | 51.54111.73
10% w/o Lsinkhorn 55.61+1.39 | 38.95419.09 | 70.00+14.41 | 51.7845.95 | 62.39+4.26
w/o EBal 57‘81:|:2,22 41.05:‘:13,50 72.27i12_59 57-17:t2.68 64.37i5_11
G-LaD (Olll'S) 64.63i3,11 54-73i19.90 73.18i17.34 63-57i6.12 68.24i6,19

Table 4: Ablation study under 5% and 10% few-shot settings. Each configuration isolates the contribution of core components
in the G-LaD framework. Highlighted (yellow) cells indicate the best performance within each metric. The complete G-LaD
model consistently achieves superior performance across most metrics, demonstrating the complementary importance of

LSinkhorn and L pg; for balanced, multimodal alignment.

Balanced Accuracy with a patience of 5. All training is per-
formed on one Nvidia A100 GPU. Also, each experiment
is conducted over 5 random seeds with mean and standard
deviations reported in Tables 3 and 4.

Metrics. Given the clinical relevance of neurological dis-
order classification, the performance of G-LaD is evaluated
using a combination of conventional Machine Learning met-
rics and medically interpretable indicators. Specifically, we
report Accuracy (ACC), F-1 Score, and the Area Under the
Receiver Operating Characteristics Curve(AUC), along with
two clinically significant metrics: Sensitivity and Specificity,
which respectively measure the model’s ability to correctly
classify diseased and healthy subjects.

4.3 Baselines

To evaluate the effectiveness of our proposed model, we com-
pared its performance with several established graph-based

neural architectures. We consider the Graph Convolutional
Network (GCN) as a fundamental baseline for graph repre-
sentation learning and further compare our model with its
variants, Graph Attention Network (GAT) and Graph Isomor-
phism Network (GIN), to assess the impact of different graph
convolution operations.

BrainGNN (Li et al. 2021) introduces an interpretable
framework for fMRI analysis, incorporating ROI-aware graph
convolution and ROI-selection pooling layers to identify
salient brain regions and communities associated with neu-
rological biomarkers. In contrast, BrainNetCNN (Kawahara
etal. 2017) is a CNN designed specifically for structural brain
connectomes derived from diffusion MRI. It employs three
novel filter types, edge-to-edge, edge-to-node, and node-to-
graph, to capture the hierarchical organization of brain con-
nectivity patterns. GCDA (Wang et al. 2025) uses diffusion-
based contrastive augmentation for self-supervised represen-
tation learning. ALTER (Yu et al. 2024) introduces a long-



range attention-based graph learning framework designed for
brain connectome analysis.

These methods together form a comprehensive set of base-
lines to benchmark the representational and predictive capa-
bilities of our model in brain network analysis.

4.4 Results

Table 3 summarizes the comparative performance between
the G-LaD framework and baseline methods. Across both
the 5% and 10% label regimes, G-LaD consistently and sig-
nificantly outperforms all competing approaches. At the 5%
label rate, G-LaD surpasses the strongest baseline, GCDA,
by approximately 2.8% in accuracy and exhibits balanced
sensitivity—specificity trade-offs, indicating robust learning
of discriminative and generalizable representations even in
low-data conditions. Similarly, under the 10% label regime,
G-LaD demonstrates a substantial performance gain of nearly
5% in accuracy and 7% in F1-score compared to the GCDA.

4.5 Ablation Study

In order to assess the contribution of individual components
of our proposed G-LaD framework, we performed a com-
prehensive ablation study under both 5% and 10% few-shot
settings. Specifically, we evaluate four different ablations of
our proposed framework:

» Using only the Stage-1 graph encoder without multimodal
alignment to assess the independent contribution of struc-
tural graph representations.

e Excluding Ls;nkhorn to evaluate the role of cross-modal
distribution matching between graph embeddings and
LLM’s token space.

¢ Excluding Lp,; to examine the influence of the class-
balance constraint on mitigating label imbalance during
training.

e Finally, removing both Lg;nxhorn and Lp,; to determine
the combined effect of omitting semantic alignment and
balance regularization.

As is evident in Table 4, the best set of balanced results for
both 5% and 10% settings were achieved only when all the
components of G-LaD were utilized for classification.

5 Conclusion

This work provides a first attempt to integrate knowledge
from a pretrained LLMs with a GNN-based brain graph en-
coder for functional connectivity analysis. We introduce G-
LaD, a two-stage framework that aligns multimodal structural
and semantic representations to improve autism identification.
Our results demonstrate the effectiveness of the proposed
approach, particularly in label-scarce few-shot settings. In
future work, we plan to extend this framework to additional
neurological disorders and develop LLM-driven interpretabil-
ity tools to further support clinical decision-making and assist
healthcare professionals.
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