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Abstract

As large language models (LLMs) continue to revolutionize AI research, there1

is a growing interest in building large-scale brain foundation models to advance2

neuroscience. While most existing brain foundation models are pre-trained on3

time-series signals or region-of-interest (ROI) features, we propose a novel graph-4

based pre-training paradigm for constructing a brain graph foundation model. In5

this paper, we introduce the Brain Graph Foundation Model, termed BrainGFM,6

a unified framework that leverages graph contrastive learning and graph masked7

autoencoders for large-scale fMRI-based pre-training. BrainGFM is pre-trained8

on a diverse mixture of brain atlases with varying parcellations, significantly ex-9

panding the pre-training corpus and enhancing the model’s ability to generalize10

across heterogeneous fMRI-derived brain representations. To support efficient11

and versatile downstream transfer, we integrate both graph prompts and language12

prompts into the model design, enabling BrainGFM to flexibly adapt to a wide13

range of atlases, neurological and psychiatric disorders, and task settings. Further-14

more, we employ meta-learning to optimize the graph prompts, facilitating strong15

generalization to previously unseen disorders under both few-shot and zero-shot16

learning conditions via language-guided prompting. BrainGFM is pre-trained on 2717

neuroimaging datasets spanning 25 common neurological and psychiatric disorders,18

encompassing 2 types of brain atlases (functional and anatomical) across 8 widely-19

used parcellations, and covering over 25,000 subjects, 60,000 fMRI scans, and a20

total of 400,000 graph samples aggregated across all atlases and parcellations.21

1 Introduction22

With the rise of large language models (LLMs) Achiam et al. [2023], large-scale pre-trained founda-23

tion models (FMs) have been proposed across various domains, including computer vision Touvron24

et al. [2023], natural language processing Achiam et al. [2023], and data mining Xia et al. [2024].25

Recently, the field of neuroscience has also begun to witness the emergence of brain foundation26

models. As a widely used data modality in neuroscience, functional magnetic resonance imaging27

(fMRI) Markiewicz et al. [2021], Bycroft et al. [2018] plays a crucial role in understanding brain28

function and dysfunction. Developing a fMRI-based brain foundation model is of great importance for29

advancing neuroscience and its translational research. Due to the high complexity and cost of fMRI30

data acquisition Van Essen et al. [2012], Cui et al. [2022], coupled with strong heterogeneity and31

substantial inter-subject variability, most existing traditional deep learning-based fMRI models Wei32

et al. [2025], Kan et al. [2022], Jiao et al. [2025] are trained on relatively small datasets. Consequently,33

these models are typically tailored to specific tasks, disorders, or cohorts, resulting in limited general-34

izability, poor flexibility, and weak transferability to unseen tasks, datasets or disorder conditions.35

Furthermore, training on small-scale datasets often leads to under-fitting, ultimately compromising36

model performance and reliability. These issues have become common limitations of traditional deep37

Submitted to 39th Conference on Neural Information Processing Systems (NeurIPS 2025). Do not distribute.



learning models for fMRI. However, they can be effectively addressed by building fMRI brain FMs.38

Since FMs are typically pre-trained on large-scale datasets with rich diversity Touvron et al. [2023],39

Xia et al. [2024], spanning various data types and knowledge representations within the neuroscience40

domain, the resulting models exhibit strong generalization and broad applicability. As a result, fMRI41

FMs can be more readily adapted to a wide range of downstream data, tasks and neurological and42

psychiatric disorders.43

Previous fMRI FMs have uniformly adopted Transformer-based architectures and were exclusively44

pre-trained on either time-series data or ROI-level features, resulting in two main categories: time-45

series-based Caro et al. [2023], Thomas et al. [2022] and ROI-based Yang et al. [2024], Hu et al.46

[2024], Dong et al. [2024] fMRI brain FMs. However, building brain FMs faces several critical47

challenges that many previous approaches have either overlooked or failed to effectively address.48

(1). Data Availability & Heterogeneity. fMRI data are difficult and costly to collect and pre-49

process Poldrack and Gorgolewski [2017], yet pre-training FMs typically requires large-scale datasets.50

Existing fMRI datasets are not only limited in quantity but also exhibit substantial heterogeneity across51

sources. Effectively leveraging and integrating these heterogeneous datasets is thus a fundamental52

challenge. Many existing brain FMs have constructed relatively large-scale fMRI pre-training datasets,53

but these are typically based on a single brain parcellation or atlas Thomas et al. [2022]. This overlooks54

the fact that integrating multiple parcellation templates can not only expand the scale of available fMRI55

data but also provide diverse and even complementary features across different brain parcellations56

Hermosillo et al. [2024]. (2). Pre-Training Computational Cost. The computational cost of57

pre-training brain FMs typically depends on the form of the fMRI data and the chosen pre-training58

strategy. Time-series-based brain FMs are pre-trained directly on raw fMRI time series, resulting59

in high computational demands with masked modeling pre-training paradigm. While ROI-based60

brain FMs are more efficient, they often neglect inter-regional connectivity, leading to suboptimal61

performance on various downstream tasks. Striking a balance between computational efficiency62

and modeling effectiveness remains a pressing issue. (3). Adaptability and Generalization for63

Few/Zero-Shot Transfer. Pre-trained brain FMs needs to be fine-tuned to various downstream tasks,64

datasets, atlases and disorders. However, full-parameter fine-tuning is often inefficient, requires65

large amounts of labeled data, and typically previous brain FMs Caro et al. [2023], Yang et al.66

[2024] support only one disorder or atlas during the downstream inference. In addition, in many67

real-world scenarios, downstream tasks may involve new atlases, datasets and disorders unseen during68

pre-training, with very limited (few-shot) or even no labeled data available (zero-shot). Adapting FMs69

to such few-shot or zero-shot settings poses a significant yet highly valuable challenge. Most existing70

brain FMs Caro et al. [2023], Thomas et al. [2022], Dong et al. [2024] have not considered few-shot71

or zero-shot scenarios, which limits their generalizability and flexibility. These three challenges72

correspond to four essential aspects of pre-training brain FMs: data collection, model pre-training &73

fine-tuning, and downstream task adaptation.74

Contributions. To address the key challenges outlined above and overcome the limitations of prior75

work, we propose the Brain Graph Foundation Model, named BrainGFM, specifically designed for76

heterogeneous fMRI data, with a particular focus on graph-based modeling. We propose correspond-77

ing solutions within our model to enhance BrainGFM, enabling it to become a more powerful brain78

FM compared to previous approaches. (1). To enable effective pre-training of brain FMs, we construct79

a large-scale fMRI dataset comprising 27 widely used fMRI datasets. This collection includes over80

25,000 subjects, 60,000 fMRI scans, and 25 common neurological and psychiatric disorders. Unlike81

previous brain foundation models, each fMRI sample in our dataset is processed using 2 different82

brain functional and anatomical atlases, including 8 parcellations with various resolutions and par-83

titions, significantly increasing the scale and diversity of the data. This also allows the pre-trained84

model to capture complementary feature representations across multiple parcellations. (2). Prior85

brain FMs have predominantly relied on fMRI time series or ROI-level features for both pre-training86

and fine-tuning. In this work, we creatively introduce a graph-based backbone for building brain87

graph FMs. This approach offers the advantage of maintaining computational efficiency comparable88

to ROI-based FMs, while achieving performance on par with time-series-based FMs. (3). To enhance89

the generalizability and adaptability of the model, we discard conventional fine-tuning and introduce90

a graph prompt-tuning. Under the multi-task and multi-dataset training paradigm of meta-learning,91

this approach improves the model’s ability to perform few-shot adaptation across diverse tasks and92

datasets. In addition, we incorporate language prompt tokens, including atlas/parcellation tokens and93

task/disorder tokens, to guide the pre-trained BrainGFM in adapting to entirely unseen downstream94

datasets, atlases, tasks, and disorders in zero-shot settings.95
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2 Related Works96

2.1 Pre-Training Approaches for Brain Foundation Models Using fMRI97

The emergence of large-scale foundation models, such as LLMs Achiam et al. [2023], has demon-98

strated strong potential across various domains. In neuroscience, recent efforts have introduced99

brain FMs (e.g., using fMRI), which can be broadly classified into time-series-based Dong et al.100

[2024], Caro et al. [2023], Thomas et al. [2022] and ROI-based models Yang et al. [2024], Hu et al.101

[2024], both primarily relying on generative pre-training using masked modeling. In contrast to these102

approaches, our work introduces the first graph-based fMRI foundation model, which leverages the103

brain’s topological structure through graph representations. We incorporate both graph generative104

pre-training Hou et al. [2022] and graph contrastive pre-training Qiu et al. [2020], Wei et al. [2024],105

unifying two major paradigms in graph representation learning.106

2.2 Graph Pre-Training and Prompt Learning107

Pre-training is a fundamental step in the development of foundation models, with most approaches108

categorized into contrastive-based and generative-based paradigms. While graph model pre-training109

differs from that in vision and language domains, it generally follows these two strategies. To facilitate110

zero-shot generalization, language prompts Achiam et al. [2023] have been widely used in NLP and111

vision, providing semantic guidance that enables pre-trained models to adapt to unseen tasks without112

parameter updates. In contrast, graph prompts have been proposed to address few-shot adaptation in113

graph neural networks. Inspired by prefix-tuning Li and Liang [2021], graph prompts Sun et al. [2023]114

introduce a small set of task-specific parameters that can be optimized efficiently while keeping115

the backbone frozen. This approach improves sample efficiency and reduces computational cost in116

adapting to new graph-based tasks with limited data.117

2.3 Meta-Learning118

Meta-learning Finn et al. [2017], Hospedales et al. [2021], also known as “learn to learn” aims to train119

models that can quickly adapt to new tasks using only a small number of labeled examples. It typically120

involves learning a good initialization or adaptation strategy by optimizing over a distribution of121

related tasks. Meta-learning has been widely adopted in few-shot learning scenarios and has shown122

strong potential for improving generalization across tasks and domains Sun et al. [2023]. In our123

study, meta-learning is employed to train the graph prompt under the few-shot setting, enabling the124

unification and generalization across diverse brain atlases and neurological disorders.125

3 Methodology126

As illustrated in Figure 1, we propose BrainGFM, a graph-based paradigm that distinguishes itself127

from previous time series-based and ROI-based brain FMs. Our framework consists of four main128

stages: large-scale fMRI graph data collection and pre-processing, graph pre-training for building129

our brain graph foundation model, multi-task meta-learning optimization for few-shot learning, and130

graph/language prompt-tuning for zero-shot adaption.131

3.1 Construction of Large-Scale fMRI Pre-Training Dataset132

Motivation. Brain parcellations with different resolutions and partitions offer complementary repre-133

sentations of brain structure and function, and different disorders may be best characterized under134

different parcellations.135

As shown in Figure 1(a), we curated a large-scale fMRI dataset by aggregating 27 widely used fMRI136

datasets from different sites and institutions, covering 25 common neurological and psychiatric disor-137

ders. Unlike existing brain FMs, our dataset incorporates fMRI data processed using 8 parcellations,138

including Schaefer100/Schaefer200/Schaefer300 Schaefer et al. [2018], AAL116/AAL3v1 Tzourio-139

Mazoyer et al. [2002], SHEN268 Shen et al. [2013], Power264 Power et al. [2011], and Gordon333140

Gordon et al. [2016]. For each subject, we extracted raw fMRI time series using these brain atlases141

and constructed fMRI brain graphs by computing and binarizing the Pearson correlation between142

time series among brain ROIs. Integrating multiple atlases allows us to expand the dataset to eight143
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times the size of using a single parcellation, enabling more diverse representations and facilitating144

the learning of atlas-invariant brain patterns. The inclusion of multiple atlases not only increases the145

diversity and volume of the training data but also enables the model to learn parcellation-specific146

features, significantly enhancing the generalization and robustness of the pre-trained BrainGFM.147

Note that detailed information regarding the benchmark settings, including task types, dataset splits,148

neurological disorder categories, and atlas/parcellation choices, can be found in Appendix N and P.149
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Figure 1: The pipeline of our proposed BrainGFM. (a) A large-scale brain fMRI graph dataset
is constructed for pre-training. (b) BrainGFM is pre-trained using graph contrastive and masked
autoencoder strategies, with atlas/parcellation tokens [A/P] to encode atlas-specific information. (c)
Instead of full fine-tuning, we introduce graph prompts and use meta-learning to optimize them for
few-shot adaptation, keeping the graph FM backbone frozen. (d) Finally, we freeze both the model
and graph prompts, and use language prompts to enable zero-shot transfer to unseen tasks. Note that
"Schf." means Schaefer atlas.

3.2 Graph Pre-Training for Building BrainGFM150

Motivation. The graph foundation model approaches the effectiveness of time-series-based foundation151

models, while matching the efficiency of ROI-based foundation models.152

We adopt a Graph Transformer Yun et al. [2019] as the backbone of our BrainGFM. As illustrated153

in Figure 1(b), we first transform the input fMRI brain graphs and project them to obtain brain154

graph embeddings, where each token corresponds to a brain ROI. We apply Positional Encoding155

Tokens, denoted as [PE], to each brain ROI, enabling the model to perceive and learn the topological156

and spatial characteristics of each ROI. Unlike conventional positional encodings used in standard157

Transformer models Vaswani et al. [2017], graph-based positional encodings are inherently different,158

as they require encoding the relative positions between nodes in the graph structure. Compared to159

the commonly used Laplacian positional encoding Dwivedi et al. [2023] and node degree positional160

encoding You et al. [2019] in graph-based models, we adopt a more efficient alternative Random161

Walk Structural Encoding (RWSE) Dwivedi et al. [2021] as our positional encoding strategy. More162

details about PEs can be found in Appendix F. Furthermore, inspired by language models in NLP,163

we insert Atlas/Parcellation Tokens, denoted as [A/P], to the brain graph embeddings during164

pre-training, enabling the model to better distinguish and learn from different atlases and parcellations.165

Note that the construction of [A/P] tokens is described in detail in Section 3.4. Incorporating this166

token enables the model to capture parcellation-specific patterns, which is crucial as prior studies167

Hermosillo et al. [2024], Liu et al. [2023], Wu et al. [2025] show that different brain disorders168

are better represented by specific parcellations. For instance, MDD benefits from Schaefer200 or169

Power264 and ASD is better captured by Shen268 or Schaefer200. Embedding such parcellation-170

aware information helps improve model generalization across disorders and atlas configurations.171

We follow the graph pre-training paradigm to pre-train our BrainGFM. To fully leverage the potential172

of graph pre-training, we adopt two widely used pretext tasks in graph domain: graph contrastive173
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learning (GCL) You et al. [2020] pre-training and graph masked autoencoders (GMAE) Hou et al.174

[2022] pre-training. For GCL pre-training, we apply graph augmentation to the fMRI brain graphs175

by randomly dropping nodes and edges to generate positive and negative pairs of queries and keys.176

The contrastive loss is then computed by contrasting the positive and negative graph pairs. For177

GMAE pre-training, we randomly mask nodes and edges in the input brain graphs to obtain masked178

brain graphs. These graphs are then passed through a graph autoencoder with an encoder-decoder179

architecture to reconstruct the masked nodes and edges, optimized using a mean squared error (MSE)180

loss. Note that both GCL and GMAE pre-training share the same encoder, which serves as the core181

of our BrainGFM, which enables the encoder of BrainGFM to benefit from both contrastive and182

generative paradigms, resulting in a more robust and well-pre-trained backbone. More details about183

these two graph pre-training methods can be found in Appendix J and K.184

3.3 Few-Shot Graph Prompt-Tuning via Meta Learning Optimization185

Motivation. The graph prompt, optimized via multi-task meta-learning, enables the fully frozen graph186

foundation model to be effectively adapted to new, unseen tasks under few-shot settings.187

As illustrated in Figure 1(c), after completing the pre-training stage, we need to fine-tune the pre-188

trained FM to various downstream tasks, including different atlases and disorders. However, for189

fMRI data, traditional full-parameter fine-tuning faces two major limitations. (1). The collection of190

fMRI data for neurological and psychiatric disorders is often time-consuming and labor-intensive,191

and for some rare diseases, only a very limited number of samples are available. When performing192

full-parameter fine-tuning on a large-scale foundation model with limited data, the optimization of193

model parameters becomes insufficient, leading to significant performance degradation. (2). Full-194

parameter fine-tuning requires substantial training time and computational resources, making it less195

practical in resource-constrained environments. Therefore, we introduce graph prompts Sun et al.196

[2023] to prompt-tune to our BrainGFM to different diseases and atlases. Following prior work on197

graph prompt learning, we design brain graph prompts specifically for brain graphs, with a structure198

consistent with the input brain graphs. Each node in the graph prompt is a learnable parameter, and199

the collection of all nodes forms a learnable vector set. For the edges, we initialize a fully learnable200

edge matrix, where each entry is also trainable. This design allows the graph prompt to flexibly adapt201

the FM to various downstream tasks without modifying the backbone parameters.202

To optimize the parameters of our brain graph prompts, we introduce meta-learning to train the203

graph prompts. Specifically, we construct a multi-task dataset in which each task corresponds to204

a different brain disorder and atlas pair. By adopting this meta-learning paradigm, the optimized205

graph prompts can be flexibly transferred to unseen diseases and atlases, enabling effective adaptation206

using only a small number of samples from the few-shot downstream tasks. During the meta-learning207

optimization process, all parameters of the pre-trained model are kept frozen, and only the graph208

prompt parameters, which are relatively lightweight, are updated. This design enables fast tuning209

and adaptation. Moreover, the few-shot sample setting is particularly well-suited for optimizing the210

small number of graph prompt parameters; in contrast, using limited samples to fine-tune a large211

pre-trained foundation model with numerous parameters would lead to insufficient training and severe212

underfitting. The task/disorder-specific features related to each disorder, atlas, or parcellation are213

thus captured and stored entirely within the well-trained brain graph prompts. As a result, with the214

help of the learned task-specific graph prompts, the frozen BrainGFM remains consistently ready to215

be efficiently and rapidly adapted via prompt-tuning to unseen tasks, datasets, disorders and atlases,216

even when only a few samples (few-shot settings) are available. More details about the meta-learning217

datasets split and training procedure can be found in the Appendix I 8.218

3.4 Zero-Shot Graph/Language Prompt-Tuning219

Motivation. The language prompt guides the frozen pre-trained graph foundation model and meta-220

learned graph prompt to achieve effective zero-shot transfer across diverse disorders and atlases.221

Building on the few-shot capability, we further introduce language prompts to enable more generalized222

zero-shot learning by jointly guiding both the graph prompt and the pre-trained foundation model.223

In zero-shot scenarios, the parameters of the graph prompt are also frozen, meaning the model224

cannot rely on prompt adaptation through learning. Instead, the language prompt provides semantic225

guidance, allowing the model to generalize and adapt to unseen downstream data, tasks, and disorder226
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types without any gradient-based updates. As shown in Figure 1(d), in order to enable the model to227

recognize and distinguish between different tasks and disorders in zero-shot settings, we introduce228

Task/Disorder Tokens, denoted as [T/D], during the downstream fine-tuning stage, following a similar229

design with Atlas/Parcellation Tokens [A/P]. To construct the [T/D] tokens, we first generate a230

textual description for each disorder, including its full name, abbreviation, and a concise clinical231

summary. For example, for Major Depressive Disorder, the corresponding text description is:232

"Major Depressive Disorder (MDD) is a common mental illness characterized by persistent and233

profound low mood, loss of interest, and cognitive impairment, significantly affecting daily life and234

social functioning." Otte et al. [2016] We then encode these textual descriptions using a BERT model235

Devlin et al. [2019] pre-trained on large-scale medical corpora, such as BioClinicalBERT Huang236

et al. [2019], Alsentzer et al. [2019], to obtain semantic-rich text embeddings. These embeddings are237

subsequently projected and embedded as [T/D] tokens, which are incorporated into the model during238

downstream adaptation. Similarly, the construction of [A/P] tokens is also based on language text.239

For each atlas and parcellation, we provide a textual description of its name, such as “Schaefer100”,240

“Schaefer200”, or “AAL116”. These text descriptions are then encoded using the BioClinicalBERT241

pre-trained model to extract language embeddings, which are subsequently transformed into [A/P]242

tokens. As shown in Figure 1(d), the [T/D] and [A/P] tokens are ultimately concatenated with the ROI243

tokens from the graph embeddings as language prompt tokens. This combined input is then fed into244

the foundation model to guide feature extraction specific to the given dataset, task, and disorder. By245

introducing disorder-specific semantic priors through the [T/D] and [A/P] tokens, the model is better246

equipped to capture characteristics from different tasks, disorders, atlas and parcellations, thereby247

improving its downstream adaption ability in zero-shot settings without any training.248

4 Experiments249

4.1 Comparison with Other Methods250

Datasets. To demonstrate the superiority of our BrainGFM, we conducted comparative experiments.251

Specifically, 10 common types of neurological and psychiatric disorders were selected from a total of252

25 disorders, spanning 6 datasets among the 27 datasets we collected. More details about benchmarks253

and datasets can be found in Appendix N. Baselines. We compare our method against a series254

of baseline models. Based on the data representation type, these baselines are categorized into255

three groups: time-series-based methods, ROI-based methods, and graph-based methods. Based256

on the training paradigm, they are divided into two groups: non-pre-trained FMs and pre-trained257

FMs. All pre-trained models are retrained on our collected pre-training dataset to ensure a fair258

comparison. More details about baselines can be found in Appendix M. Metrics. We evaluate all259

methods using four metrics: AUC, accuracy (ACC), sensitivity (SEN), and specificity (SPE). More260

detailed information on disorders, datasets, and benchmarks can be found in the supplementary261

material. As shown in Table 1, our method outperforms all previous approaches and achieves state-262

of-the-art performance. The pre-trained FMs significantly outperforms models without pre-training.263

Our method, built upon a graph transformer backbone, substantially surpasses ROI-based brain FMs264

(BrainMass and BrainNPT), and also outperforms time-series brain FMs (BrainLM).265

4.2 Ablation Study for Full/Few/Zero-Shot on Graph/Language Prompt and Meta Learning266

Figure 2 illustrates the classification accuracy under four different data regimes, Full-Shot (100%),267

Few-Shot (10%), Few-Shot (1%), and Zero-Shot (0%), across three representative downstream268

datasets: ABIDE II, ADHD 200, and ADNI 2. We observe a consistent performance degradation269

across all methods as the available training data decreases, with the largest performance gap occurring270

under the most data-scarce setting (Zero-Shot). Vanilla Models, which lack any form of pre-training,271

perform the worst across all settings, highlighting their limited generalization ability. Introducing the272

FM (BrainGFM) without graph prompts leads to notable performance improvements, confirming273

the effectiveness of graph-based pre-training. The inclusion of graph prompts (FM + G-Prompt)274

further enhances accuracy, particularly in Few-Shot and Zero-Shot regimes, indicating their role in275

injecting structural prior knowledge. When combined with meta-learning (FM + G-Prompt + Meta276

L.), the model demonstrates increased adaptability and robustness under limited supervision. Finally,277

incorporating language prompts (FM + G-Prompt + Meta L. + Lan. Prompt) consistently achieves the278

best performance across all datasets and data regimes, underscoring the benefit of semantic guidance279
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Table 1: Comparison among different methods on 10 brain disorders on Schaefer100 atlas. Pink
indicates the best performance.

Method Pre-Trained
ADHD200 (ADHD) ABIDE II (ASD) ADNI 2 (AD) HBN (MDD) HBN (ANX)

AUC ACC SEN SPE AUC ACC SEN SPE AUC ACC SEN SPE AUC ACC SEN SPE AUC ACC SEN SPE

Vanilla GCN % 61.6 63.7 59.0 63.3 63.6 65.6 60.7 63.3 68.4 70.2 64.3 72.2 70.2 71.8 68.9 71.7 75.6 78.2 79.6 72.4
BrainGNN % 60.5 63.3 63.1 57.3 61.2 62.7 57.3 65.2 69.1 70.6 66.9 73.4 68.8 73.0 71.4 65.7 76.3 77.2 72.7 80.5
Vanilla TF % 62.4 64.6 60.8 62.1 65.3 65.2 64.2 61.9 71.7 74.4 68.6 74.2 74.1 76.6 71.3 78.7 77.8 80.9 81.6 73.9
Graph TF % 64.6 65.3 62.1 66.3 65.2 67.1 67.7 63.6 73.3 76.6 70.4 75.9 76.4 77.8 73.1 80.2 80.5 81.8 77.9 83.5

BrainNetTF % 63.3 64.6 65.2 61.1 66.5 66.6 66.9 65.7 74.3 76.4 77.2 70.7 75.7 74.9 72.6 78.5 78.4 81.1 75.5 80.9
BrainNPT ! 62.3 66.5 61.6 59.2 65.5 67.3 65.8 71.6 70.6 75.7 65.2 75.3 72.8 74.1 68.5 76.7 75.6 77.2 79.1 71.4
BrainLM ! 66.3 68.6 62.7 70.4 68.5 70.2 65.6 71.1 76.7 81.5 72.4 80.5 75.1 81.9 81.9 69.4 82.3 83.6 77.6 87.2

BrainMass ! 65.5 66.1 63.6 69.9 67.3 68.5 69.3 64.8 76.6 79.3 71.5 80.1 75.7 78.5 82.2 74.4 79.8 82.7 79.0 80.6

BrainGFM (Ours) ! 70.6 72.2 67.3 73.4 71.2 73.5 70.4 69.8 80.3 85.1 76.2 84.4 83.6 85.5 85.8 77.9 85.2 86.3 87.7 82.6

Method Pre-Trained
HBN (OCD) HBN (PTSD) SubMex_CUD (CUD) UCLA_CNP (SCHZ) UCLA_CNP (BP)

AUC ACC SEN SPE AUC ACC SEN SPE AUC ACC SEN SPE AUC ACC SEN SPE AUC ACC SEN SPE

Vanilla GCN % 69.7 76.9 61.3 76.6 77.5 78.7 82.1 71.8 63.8 66.2 55.6 72.5 77.2 79.5 72.3 81.8 64.3 69.6 70.1 58.2
BrainGNN % 70.1 74.6 76.7 66.4 75.2 78.0 69.3 81.9 62.5 64.8 67.1 57.5 78.1 77.5 83.7 72.6 63.8 67.3 58.5 69.2
Vanilla TF % 72.5 78.8 64.5 78.2 78.2 80.1 71.7 85.9 65.6 66.7 60.4 71.1 76.8 80.2 71.9 80.4 65.1 70.6 69.4 61.7
Graph TF % 73.6 81.5 66.7 77.5 77.1 81.6 74.3 80.2 67.5 69.8 59.4 75.7 78.9 80.8 75.1 81.6 67.4 70.2 70.5 64.3

BrainNetTF % 74.7 80.4 79.2 69.1 79.4 81.9 74.6 84.6 66.8 67.5 61.7 71.4 75.1 77.3 73.5 77.9 68.5 71.6 73.4 64.8
BrainNPT ! 71.2 75.3 63.6 78.4 76.4 80.6 70.3 82.5 63.7 64.2 57.5 69.3 75.0 76.5 68.7 81.9 65.5 68.7 60.2 70.1
BrainLM ! 78.2 83.3 72.6 84.5 80.2 84.8 81.5 73.6 68.9 71.3 63.2 73.1 81.6 82.1 77.4 85.5 70.3 73.5 74.7 66.3

BrainMass ! 76.8 81.2 80.6 72.5 78.1 82.5 73.2 82.4 67.5 69.4 71.7 64.0 80.8 81.2 76.5 84.2 69.7 72.3 65.8 73.3

BrainGFM (Ours) ! 80.4 85.8 86.7 78.5 83.2 86.3 79.5 87.4 71.1 74.6 67.7 75.5 84.2 86.7 80.4 87.9 73.5 76.3 69.6 78.2

in enabling zero-shot generalization. These results collectively validate the synergistic contribution280

of these techniques in building a flexible and generalizable brain FMs.281

Figure 2: Performance comparison across different settings (Full-Shot, Few-Shot, Zero-Shot) on three
datasets: ABIDE II, ADHD 200, and ADNI 2. The results demonstrate the progressive performance
gains achieved by incorporating graph prompts (G-Prompt), meta-learning (Meta L.), and language
prompts (Lan. Prompt) into the FM (BrainGFM), especially in few-shot and zero-shot settings.

4.3 Experiments on Different Atlases and Parcellations with Different ROI Resolutions282

To systematically assess the effectiveness of different pre-trained models across a variety of brain283

atlases and parcellations, we conducted comprehensive ablation studies. Specifically, we fine-tuned284

four models on fMRI datasets spanning 2 representative atlases and 8 parcellation schemes. The285

four models include: a vanilla graph transformer trained from scratch; BrainGFM (Functional), pre-286

trained on the functional Schaefer100 atlas; BrainGFM (Anatomical), pre-trained on the anatomical287

AAL116 atlas; and BrainGFM (Mixed), pre-trained on a combination of Schaefer100 and AAL116288

data. The atlases used in our experiments comprise both functional (Schaefer, SHEN, Power, and289

Gordon) and anatomical (AAL) types. Among these, the Schaefer atlas provides three resolutions290

(100, 200, and 300 parcels), and the AAL atlas includes both AAL116 and AAL3v1 parcellations.291

As illustrated in Figure 3(a), BrainGFM (Functional) outperforms BrainGFM (Anatomical) when292

evaluated on functional atlases, while the reverse is true for anatomical atlases. In all cases, both types293

of pre-trained BrainGFM models significantly outperform the vanilla graph transformer trained from294

scratch, highlighting the benefits of graph pre-training. Notably, although atlas-specific pre-training295

offers substantial improvements, the BrainGFM (Mixed) model, pre-trained jointly on both functional296

and anatomical data, achieves the best performance across all downstream atlases. We hypothesize297

that this superior generalization stems from the complementary nature of anatomical structures and298

functional connectivity patterns, which jointly enable the model to capture a richer and more diverse299

set of neurobiological representations.300
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Overall, as summarized in Figure 3(b), the relative performance of the four models follows two301

consistent patterns depending on the type of downstream atlas. For functional atlases, BrainGFM302

(Mixed) performs best, followed by BrainGFM (Functional), BrainGFM (Anatomical), and finally303

the vanilla model. In contrast, when evaluated on anatomical atlases, the best performance is again304

achieved by BrainGFM (Mixed), followed by BrainGFM (Anatomical), BrainGFM (Functional),305

and lastly the vanilla model. These findings underscore the value of incorporating both anatomical306

and functional information during pre-training to enhance the generalizability of brain graph models307

across diverse parcellation schemes.308

(a) (b)

Figure 3: The performance of models pre-trained on different atlases varies across downstream
atlases. The experiments are conducted on ABIDE II dataset for ASD classification.

4.4 Comparison Among Time-Series, ROI and Graph-Based Foundation Models309

We compare four types of brain FMs: time-series-based FM (e.g., BrainLM), ROI-based FM (e.g.,310

BrainMass), vanilla graph-based FM, and our proposed graph-based model, BrainGFM. The compar-311

ison spans five key dimensions: model performance, pre-training and fine-tuning efficiency, memory312

usage, and model complexity.313

Figure 4: Comparison of perfor-
mance and efficiency across differ-
ent brain FMs.

In terms of performance, BrainLM achieves the best results314

on AUC and ACC due to its direct modeling of raw fMRI315

time series, effectively capturing both temporal and spatial pat-316

terns. BrainMass, which relies on static ROI features without317

modeling inter-regional interactions, performs the worst. The318

vanilla graph-based model shows intermediate performance by319

explicitly modeling ROI connectivity. BrainGFM, which in-320

corporates fMRI-specific enhancements such as graph prompts321

and structural encodings, significantly outperforms the vanilla322

graph model and matches or exceeds the performance of time-323

series-based models. For computational efficiency, ROI-based324

models are the fastest in both pre-training and fine-tuning, given325

their compact input and lack of spatiotemporal modeling. Time-326

series models are the slowest due to the cost of processing long,327

high-dimensional sequences. Graph-based models, including328

BrainGFM, lie in between. Notably, BrainGFM achieves fast fine-tuning via prompt tuning while329

maintaining pre-training efficiency similar to the vanilla graph FM, surpassing even ROI-based330

models in fine-tuning speed. Regarding resource consumption, time-series models are the most331

memory- and compute-intensive. ROI-based models are the most lightweight. Graph-based models,332

while slightly more demanding than ROI-based ones due to edge computations, remain significantly333

more efficient than time-series models. Overall, this evaluation highlights the trade-offs between334

different brain modeling paradigms and how input representations, time series, ROI features, or335

graphs, affect both the effectiveness and efficiency of large-scale brain FMs.336

4.5 Ablation Study on Pre-Training with Different Atlases and Parcellations337

To investigate and demonstrate the impact of different atlases and parcellations on the perfor-338

mance of the pre-trained model, we conducted ablation experiments using pre-training datasets339

constructed from various types of atlases and parcellations. Specifically, we categorized the340

pre-training datasets into five representative groups: (1) a dataset based on a single func-341
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tional atlas and a single parcellation (Schaefer100), (2) a dataset based on a single anatomi-342

cal atlas and a single parcellation (AAL116), (3) a mixed dataset combining both functional343

and anatomical atlases (Schaefer100 + AAL116), (4) a dataset based on a single atlas but344

incorporating multiple resolutions of parcellations (Schaefer100+200+300), and (5) a fully345

mixed dataset comprising various atlases and parcellations (All 5 Atlases with 8 Parcellations).346

Table 2: Effect of different atlases on
pre-training (ABIDE II, ASD).

Corpus Atlas Parcel. FT Acc.
w/o Pre-train - - 65.2 / 67.1
Schaefer100 Func. Single 67.5 / 70.2

AAL116 Anat. Single 66.6 / 69.2
Sch(100+200+300) Func. Mixed 68.5 / 71.3
Sch100 + AAL116 Mixed Single 68.8 / 71.6

All Atlases Mixed Mixed 70.5 / 73.3

As shown in Table 2, pre-training on datasets with a347

single-resolution parcellation reveals that functional at-348

lases, such as Schaefer, outperform anatomical atlases,349

such as AAL116. This highlights that functional-based350

atlases are more effective in capturing disease-specific351

features in the diagnosis of neurological and psychiatric352

disorders. Additionally, pre-training on datasets mix-353

ing different parcellation resolutions within a single atlas354

(e.g., Schaefer 100+200+300) achieves comparable per-355

formance to pre-training on datasets combining multiple atlases with one parcellation each (e.g.,356

Schaefer100 + AAL116). Finally, pre-training on datasets that incorporate multiple atlases and357

parcellations achieves substantially better performance than all previous settings. This improvement358

can be attributed to the model’s ability to comprehensively learn features captured by different atlases,359

thereby acquiring knowledge from diverse medical and biological perspectives. In addition, the model360

benefits from learning across parcellations with varying resolutions, which enables it to capture the361

brain’s feature distributions at both global and local scales.362

4.6 Ablation Study on Different Foundation Model Pre-Training Methods363

As shown in Figure 5, we compare the effectiveness of different graph pre-training strategies,364

including graph contrastive learning (GCL), graph-masked autoencoders (GMAE) and their sequential365

combination. The results demonstrate that GCL slightly outperforms GMAE, and that combining366

GCL and GMAE yields further performance gains compared to using either method alone.367

Figure 5: Performance of different graph pre-training methods.

Graph contrastive learning (GCL)368

pre-training primarily focuses on369

capturing global representations370

of brain graphs by encouraging371

the model to aggregate holistic372

graph-level features and distin-373

guish between different graph at-374

tributes and categories. In compar-375

ison, graph masked autoencoders376

(GMAE) pre-training emphasizes377

the learning of local representations, where the model reconstructs masked brain ROIs based on378

information from their local neighborhoods, thereby promoting specialization in ROI-level feature379

extraction. By sequentially combining GCL and GMAE during pre-training, BrainGFM is able to380

simultaneously acquire both global and local discriminative capabilities. Notably, the integration381

of global and local information has been widely recognized as critical for understanding brain or-382

ganization and pathology in neuroscience and neuroimaging studies. Consequently, our pre-trained383

model benefits from this multi-scale representation learning, leading to enhanced transferability and384

improved performance across various downstream tasks.385

5 Conclusion386

We propose BrainGFM, a graph-based brain foundation model pre-trained on heterogeneous fMRI387

brain graphs constructed from diverse atlases and parcellation schemes. To enhance its generalization388

and adaptability, we introduce a meta-learning framework to optimize graph prompts, enabling robust389

few-shot learning under limited data. In addition, we incorporate language prompt tokens to guide390

zero-shot generalization, allowing BrainGFM to transfer effectively across unseen datasets, tasks,391

atlases, and neurological disorders. Our large-scale, multi-atlas fMRI dataset provides a rich and392

diverse training corpus, and BrainGFM demonstrates superior performance in both effectiveness and393

efficiency compared to prior time-series-based and ROI-based foundation models.394
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A Simplified Training Pipeline of BrainGFM627
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Figure 6: The simplified training pipeline of BrainGFM, covering (a) fMRI graph construction for
pre-training, (b) BrainGFM pre-training, (c) meta-learning for few-shot scenarios, and (d) zero-shot
adaptation via language prompts.

B Contributions of BrainGFM for Unifying Cohorts, Atlases, and Disorders628
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Figure 7: Our BrainGFM achieves unification in the fMRI domain across three key dimensions: (a)
diverse brain datasets and cohorts, (b) multiple neurological and psychiatric disorders, and (c) various
brain atlases and parcellations.

C Comparison of Our Vanilla Graph FM and BrainGFM with Prior629

Time-Series-based and ROI-based Brain FMs630
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Figure 8: We compare different brain foundation models in terms of performance, inference speed, and
computational cost. The results show that Graph FM provides a trade-off between performance and
efficiency compared to Time-Series FM, while our BrainGFM achieves the best overall performance
across all aspects.
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D Ablation Study on Different Tuning Methods631

As shown in Table 3, after completing model pre-training, we explored three downstream adaptation632

strategies: full fine-tuning Sun et al. [2022], parameter-efficient fine-tuning (PEFT) Ding et al. [2023],633

and graph prompt-tuning Sun et al. [2023]. Full fine-tuning updates all model parameters during634

downstream training, offering strong performance but at a high computational cost. In contrast, PEFT635

methods reduce training overhead by modifying only a small subset of parameters or introducing636

lightweight modules. We specifically evaluate two popular PEFT variants: prefix-tuning and LoRA.637

Note that the details of all tuning methods are summarized in Table 4.638

Graph prompt-tuning further improves efficiency by freezing the entire pre-trained model and updating639

only a small set of learnable prompt vectors injected into the input. This strategy allows the model to640

adapt without altering its core parameters, making it highly suitable for resource-constrained settings.641

In full-shot scenarios, fine-tuning delivers the best results, but PEFT methods achieve competitive642

performance with significantly lower computational demands. Graph prompt-tuning, while slightly643

less accurate, offers the best efficiency–adaptability trade-off by minimizing trainable parameters.644

Given the structural nature of brain graphs, where node and edge features capture complex spatial645

and relational dependencies, we examine two prompt insertion mechanisms: addition (“+”) and646

multiplication (“×”). Results show that multiplicative insertion consistently outperforms the additive647

version, likely because scaling features better preserves relational patterns. Moreover, to further648

leverage topological information, we extend the prompt-tuning framework by incorporating edge649

prompts in addition to node prompts. This design grants the model greater flexibility to adjust local650

connectivity, leading to improved transfer performance across diverse downstream tasks.651

Table 3: Comparison of Different Tuning Methods on ABIDE II (ASD Classification).

Tuning Method FT Flops Full-Shot FT

w/o Pre-Training Very High 65.2 / 67.1
Fine-Tuning High 70.5 / 73.3

PEFT (Prefix) Low 69.3 / 72.1
PEFT (LoRA) Low 70.6 / 72.6

G Prompt-Tuning (+) Very Low 67.4 / 68.7
G Prompt-Tuning (x) Very Low 70.1 / 72.6

G Prompt-Tuning w/ Edge (x) Very Low 71.2 / 73.5

Table 4: Overview of Tuning Methods Evaluated. Fine-tuning updates all model weights; PEFT
strategies reduce trainable parameters by introducing lightweight modules; graph prompt-tuning
updates only learnable prompts while freezing the backbone.

Tuning Method Trainable Parameters Backbone Frozen Extra Module Description

Full Fine-Tuning All No No Updates all weights during downstream training.
PEFT (Prefix-Tuning) Small prefix vectors Yes Prefix vectors Injects trainable tokens into the input sequence.

PEFT (LoRA) Low-rank matrices Yes LoRA adapters Adds trainable rank-decomposed projections to attention layers.
Graph Prompt-Tuning (+) Small prompt vectors Yes Prompt tokens Adds prompts to node features via element-wise addition.
Graph Prompt-Tuning (×) Small prompt vectors Yes Prompt tokens Injects prompts via feature-wise multiplication.

G Prompt-Tuning w/ Edge (×) Node + edge prompts Yes Node + edge prompts Extends prompt injection to edge features for better adaptation.

E Brain fMRI Graph Construction from fMRI Time Series652

To construct brain graphs from resting-state fMRI data, we follow a correlation-based approach that653

captures functional interactions between brain regions. Specifically, for each subject, we extract the654

regional mean time series {ti ∈ RT }Ni=1 from N brain regions of interest (ROIs), where T is the655

number of time points. We then compute the Pearson correlation coefficient between every pair of656

ROI time series:657

Aij =
Cov(ti, tj)

σ(ti) · σ(tj)
∈ [−1, 1],

where Cov(·, ·) denotes the covariance and σ(·) the standard deviation. The resulting symmetric658

matrix A ∈ RN×N serves as the weighted adjacency matrix of the brain graph, representing659

functional connectivity strengths.660
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To construct the node features, we reuse the correlation profile of each ROI as its functional embedding.661

That is, for node i, we define its feature vector as:662

xi = Ai,: ∈ RN ,

which encodes the functional relationships between ROI i and all other ROIs. The resulting graph663

G = (V, E ,A,X) is fully connected and characterized by node features X = [x⊤
1 ; . . . ;x

⊤
N ] ∈ RN×N ,664

and edge weights given by A.665

F Comparison of Positional Encoding Methods666

We investigate three commonly used positional encoding (PE) strategies for graph neural networks:667

Laplacian Positional Encoding (LPE), Node Degree Positional Encoding, and Random Walk Struc-668

tural Encoding (RWSE). Below, we define each method and evaluate their characteristics in the669

context of fMRI-based brain graph modeling.670

(1) Laplacian Positional Encoding. LPE leverages the eigenstructure of the graph Laplacian to671

capture global graph geometry. The symmetric normalized Laplacian is defined as:672

L = I−D−1/2AD−1/2,

where A ∈ RN×N is the adjacency matrix, D is the degree matrix with Dii =
∑

j Aij , and I is the673

identity matrix. The PE is obtained by taking the first k non-trivial eigenvectors of L:674

PELPE = [u1,u2, . . . ,uk] ,

where each ui ∈ RN is the i-th eigenvector.675

Analysis. LPE captures rich global topology, but computing eigenvectors is expensive and unstable676

for large or dynamic graphs. It also suffers from a lack of cross-graph consistency, which limits its677

effectiveness for pre-training and transfer tasks.678

(2) Node Degree Positional Encoding. This method encodes each node vi with its degree:679

PEDegree(vi) = deg(vi) =

N∑
j=1

Aij ,

and optionally normalized:680

PEDegree(vi) =
deg(vi)

maxj deg(vj)
.

Analysis. Degree encoding is fast and simple, requiring no matrix operations. However, it only681

captures local connectivity and lacks the expressiveness needed for distinguishing complex structural682

roles in brain graphs.683

(3) Random Walk Structural Encoding (RWSE). RWSE encodes multi-scale structural roles by684

computing the probability that a random walk returns to the same node at different steps. Define the685

one-step transition probability matrix:686

P = D−1A,
then the t-step return probability for node vi is:687

PERWSE(vi) =
[(
P1

)
ii
,
(
P2

)
ii
, . . . ,

(
PT

)
ii

]
.

Analysis. RWSE is computationally efficient, avoids spectral decomposition, and encodes multi-hop688

recurrence statistics that are particularly well-suited for the hierarchical and modular structure of689

brain graphs. Empirically, it provides the most favorable balance between accuracy and scalability.690

As shown in Table 5, we evaluate different positional encoding strategies on the ABIDE II dataset for691

ASD classification. The model without any positional encoding is the fastest but performs poorly.692

Applying graph pre-training substantially improves performance across all variants, validating its693

effectiveness. Laplacian PE yields competitive accuracy but suffers from high computational cost694

due to eigen-decomposition. Node Degree Encoding is computationally efficient but underperforms695

compared to RWSE. Notably, RWSE achieves the highest performance while maintaining fast696

inference speed. These results indicate that RWSE offers the best trade-off between accuracy and697

efficiency, making it the most effective and scalable positional encoding method for our BrainGFM698

framework.699
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Table 5: Comparison of Positional Encoding Strategies on ABIDE II (ASD Classification)

[PE] Type Pre-Trained Efficiency Performance (ACC / AUC)

w/o [PE] % Very Fast 65.2 / 67.1
w/o [PE] ! Very Fast 69.5 / 71.7

Laplacian [PE] ! Slow 69.2 / 71.3
Node Degree [PE] ! Fast 68.4 / 70.5

RWSE [PE] % Fast 66.1 / 68.0
RWSE [PE] ! Fast 70.5 / 73.3

G Unified Training on Brain Graphs with Varying Numbers of Nodes700

To handle brain graphs with varying numbers of nodes, we introduce a prompt-based unification701

mechanism that aligns all graphs to a fixed size Nmax. Given a graph with Ni nodes (Ni ≤ Nmax), its702

node feature matrix Xi ∈ RNi×F is first augmented with random walk structural encoding (RWSE),703

and then zero-padded to obtain Pad(Xi) ∈ RNmax×F .704

To inject inductive biases, we employ a learnable node prompt matrix P ∈ RNmax×F , and perform705

element-wise fusion as:706

X̃i = Pad(Xi)⊙P,

where ⊙ denotes the Hadamard product. To further guide the model, we prepend the task/disorder707

token [T/D] xTD and the atlas/parcellation token [A/P] xAP, resulting in the full input matrix:708

Zi = [xTD;xAP; X̃i] ∈ R(Nmax+2)×F .

Simultaneously, the original adjacency matrix Ai ∈ RNi×Ni is expanded to Âi ∈ R(Nmax+2)×(Nmax+2)709

by fully connecting the two prompt tokens to all other nodes:710

Âi =

[
12×2 12×Nmax

1Nmax×2 Pad(Ai)

]
.

An attention mask Mi ∈ {0, 1}Nmax+2 is also constructed, where Mi[j] = 1 indicates that position711

j corresponds to a padded node. This mask is used to prevent the self-attention mechanism from712

attending to invalid positions, ensuring consistency across variable-sized graphs.713

To apply the attention mask, we modify the raw attention score matrix computed by the self-attention714

mechanism:715

Si =
QiK

⊤
i√

d
,

where Qi = ZiWQ and Ki = ZiWK are the query and key projections of the input matrix Zi.716

The attention mask Mi is broadcast across the attention heads and used to mask out the scores717

corresponding to padded nodes by replacing them with −∞:718

S̃i[j, k] =

{
Si[j, k], if Mi[k] = 0,

−∞, if Mi[k] = 1.

This masked score matrix S̃i is then passed through the softmax function to obtain the final attention719

weights:720

Attention(Qi,Ki,Vi) = Softmax(S̃i) ·Vi,

where Vi = ZiWV is the value projection. This ensures that attention is only distributed among721

valid (unpadded) nodes and the two prompt tokens, making the model robust to input graphs with722

varying node counts.723

H Graph Prompt Construction and Insertion.724

To unify diverse brain graphs with variable node counts and enable flexible adaptation, we construct725

a learnable graph prompt denoted as P ∈ RNmax×F , where Nmax is the maximum number of nodes726
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across all graphs and d is the feature dimension after RWSE augmentation. The prompt serves as a727

set of element-wise multiplicative masks for node-wise feature modulation.728

Given a brain graph with input node features X ∈ RN×F , where F ′ = Fraw + Frwse. Then, the graph729

prompt is applied via element-wise multiplication:730

X̂ = X⊙P

where ⊙ denotes Hadamard (element-wise) product. This modulated feature tensor X̂ is projected731

into the model hidden space via a learnable projection layer:732

H0 = Proj(X̂) ∈ RNmax×Fmodel

I Meta-Learning for Unifying Diverse Atlases and Disorders733

To support cross-disorder and cross-atlas generalization, we design a meta-learning framework that734

optimizes only the graph prompt module while keeping the entire pre-trained backbone Fθ frozen.735

The goal is to learn a prompt initialization that can quickly adapt to any new brain graph classification736

task defined by varying disease types and brain parcellations.737

Each task Ti corresponds to a unique combination of a brain disorder and an atlas (e.g., MDD +738

Schaefer100, ADHD + AAL116). Given a task Ti, we split its data into a support set Dtrain
i and a739

query set Dtest
i .740

Inner Loop: Prompt Adaptation on Single Task. We perform task-specific adaptation using the741

support set by updating only the prompt parameters Pϕ, while keeping the encoder Fθ fixed:742

ϕ′
i = ϕ− α∇ϕLtrain

Ti

(
Fθ(Pϕ,Dtrain

i )
)

(1)

This update reflects how the prompt adapts to a particular disorder-atlas context, without altering the743

pre-trained backbone.744

Outer Loop: Meta-Update Across Tasks. We update the prompt initialization Pϕ by minimizing745

the query set losses across a batch B of tasks:746

ϕ← ϕ− β

B∑
i=1

∇ϕLtest
Ti

(
Fθ(Pϕ′

i
,Dtest

i )
)

(2)

This outer-loop update encourages the learned prompt to generalize across diverse tasks, each747

characterized by a different disorder and parcellation, while the encoder remains frozen throughout.748

Algorithm 1: Meta-Learning for Graph Prompt Tuning (Frozen Backbone)

Input: Frozen backbone Fθ, task set {Ti}Ni=1, learning rates α, β
Output: Meta-learned graph prompt parameters ϕ
Initialize prompt parameters Pϕ ;
while not converged do

Sample a batch of tasks {Ti}Bi=1 ;
/* Each task Ti = (disorder, atlas) pair */
/* Inner Loop: Adapt prompt on single task */
for each task Ti do

Split into support Dtrain
i and query Dtest

i ;
Compute task-specific adapted prompt:
ϕ′
i = ϕ− α∇ϕLtrain

Ti
(Fθ(Pϕ,Dtrain

i )) ;
/* Note: Fθ is frozen, only ϕ of Pϕ is updated */

/* Outer Loop: Update shared prompt using query losses */
ϕ← ϕ− β

∑
i∇ϕLtest

Ti
(Fθ(Pϕ′

i
,Dtest

i )) ;
return ϕ

749
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J Details of Graph Masked Autoencoder (GMAE) and Graph Contrastive750

Learning (GCL)751

We propose a unified pre-training framework that combines Graph Masked Autoencoder (GMAE)752

and Graph Contrastive Learning (GCL) to learn robust and generalizable representations for brain753

graphs. These two components complement each other: GMAE enables fine-grained feature-level754

recovery through generative reconstruction, while GCL encourages invariance under perturbations by755

contrasting different views of the same graph.756

J.1 Graph Masked Autoencoder (GMAE)757

Inspired by recent advances in masked autoencoding Hou et al. [2022], we apply random masking to758

both nodes and edges of the input graph. Given a graph with N nodes, adjacency matrix A ∈ RN×N ,759

and node features X ∈ RN×F , we randomly sample a subset of nodes VM ⊂ V to mask. For each760

masked node vi ∈ VM , its input feature is replaced with a learnable mask token x[M ] ∈ RD. The761

masked node feature matrix X̃ is defined as:762

x̃i =

{
x[M ], if vi ∈ VM
xi, otherwise

To further increase the learning difficulty, we also apply structural masking by dropping edges in the763

adjacency matrix. Specifically, each edge is dropped independently with probability p, resulting in a764

corrupted adjacency matrix:765

Ã = A⊙Me

where Me ∈ {0, 1}N×N is a symmetric binary mask sampled from a Bernoulli distribution with766

parameter 1− p, and ⊙ denotes element-wise multiplication.767

The GMAE encoder processes the corrupted graph (X̃, Ã) and produces latent embeddings, which768

are then passed to a lightweight decoder to reconstruct the original node features of the masked nodes.769

The reconstruction objective is defined as:770

Lrec =
1

|VM |
∑

vi∈VM

∥x̂i − xi∥22

where x̂i is the predicted feature from the decoder.771

J.2 Graph Contrastive Learning (GCL)772

In parallel with the generative pathway, we apply contrastive learning to enforce view-invariant773

representations. Specifically, we generate two augmented views of the same input graph by applying774

lightweight stochastic perturbations (i.e., random feature dropout and edge dropout). One view is775

treated as the query, while the other serves as the key. Let (X(q),A(q)) and (X(k),A(k)) denote776

the two views; these are passed through a shared encoder to obtain corresponding representations zq777

and zk. We adopt the NT-Xent contrastive loss Qiu et al. [2020] to maximize the similarity between778

matching query-key pairs from the same graph while distinguishing them from others in the batch:779

LCL = − 1

B

B∑
b=1

log
exp(sim(z

(b)
q , z

(b)
k )/τ)∑B

b′=1 ⊮[b′ ̸=b] exp(sim(z
(b)
q , z

(b′)
k )/τ)

where sim(·, ·) denotes cosine similarity, τ is a temperature hyperparameter, and B is the batch780

size. Here, b and b′ index different samples within the batch, where each sample corresponds to an781

augmented graph.782

By encouraging the embeddings of different augmented views of the same graph to be aligned, the783

model learns representations that are invariant to small perturbations in node features and topology,784

thereby improving generalization across downstream tasks.785
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K Comparison between Two Graph Pre-Training Methods786

Table 6 provides a comprehensive comparison between Graph Contrastive Learning (GCL) and787

Graph Masked Autoencoder (GMAE) as two prominent pre-training paradigms for graph neural788

networks. GCL emphasizes learning discriminative representations by contrasting positive and789

negative graph pairs, making it particularly effective for classification and retrieval tasks. In contrast,790

GMAE focuses on reconstructing masked parts of the graph, encouraging the model to capture fine-791

grained structural details and local contextual information. While GCL tends to produce compact and792

abstract embeddings that distinguish samples globally, GMAE yields richer and more structure-aware793

representations suitable for reconstruction and local reasoning. However, both approaches have794

limitations: GCL’s effectiveness heavily depends on the design of graph augmentations, potentially795

neglecting subtle local cues; GMAE, on the other hand, is sensitive to the masking ratio and may796

underperform in tasks requiring global discrimination. These complementary characteristics suggest797

that combining both strategies may lead to more robust and generalizable graph representations.798

Table 6: Comparison between Graph Contrastive Learning (GCL) and Graph Masked Autoencoder
(GMAE) Pre-training.

Graph Contrastive Learning (GCL) Graph Masked Autoencoder (GMAE)

Main Objective Learn to pull together positive pairs and push
apart negative pairs, focusing on discrimina-
tive representations.

Learn to reconstruct masked node/edge fea-
tures, focusing on structure-aware and fine-
grained representations.

Feature Focus Emphasizes global discriminative features
that distinguish between different samples.

Emphasizes local structure awareness and
detailed pattern recovery.

Pre-training Strategy Contrastive loss (e.g., InfoNCE) between
augmented graph views.

Masking parts of the graph and reconstruct-
ing them via a decoder.

Best for Classification, retrieval, tasks requiring
strong discrimination.

Reconstruction, generation, local reasoning,
and also benefiting classification.

Learning Tendency Learns compact, abstract representations
that excel at distinguishing samples.

Learns rich, detailed representations that
capture local and global graph structures.

Potential Drawbacks Sensitive to augmentation design; may over-
look fine-grained local details.

Sensitive to masking ratio; may focus too
much on local patterns without sufficient
global discrimination.

L Implement Details799

During pre-training, we set the batch size to 128 and used the Adam optimizer with a learning rate800

of 0.0001. The number of training epochs was set to 100. For downstream classification tasks, we801

set the batch size to 16 in the full-shot setting, and to 1 in both the few-shot and zero-shot settings.802

The Adam optimizer was also used for these tasks, with the same learning rate of 0.0002. In the803

meta-learning setup, we trained the model for 30 epochs. More settings about pre-training and graph804

transformer backbone and meta learning can be found in Table 7, 8, 10, 9.805

M Baselines806

The Table 11 provides a systematic comparison of various brain foundation models and baseline807

methods across multiple dimensions, including architectural type, data domain, pre-training strategy,808

and tuning method. These approaches can be broadly categorized into three groups: conventional809

models without pre-training (e.g., Vanilla GCN Kipf and Welling [2016], BrainGNN Li et al. [2021],810

Vanilla ROI-based Tansformer (TF) Yun et al. [2019]), ROI- or time-series-based pre-trained models811

(e.g., BrainNPT Hu et al. [2024], BrainMass Yang et al. [2024], BrainLM Caro et al. [2023]), and our812

proposed graph-based foundation model, BrainGFM.813

The conventional models do not leverage any pre-training and are limited to single parcellation and814

single-disorder settings, resulting in restricted generalization capabilities. ROI-based models such as815

BrainNPT and BrainMass employ generative pre-training on region-level features, enabling improved816
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Table 7: Training and architectural hyperparameters used in the Graph Transformer Backbone.
Parameter Value Description

batch_size 128 Number of samples per batch during training.

learning_rate 0.0001 Learning rate used by the optimizer.

GMAE_decoder_layers 4 Number of layers in the decoder of the Graph Masked Autoen-
coder (GMAE).

ff_hidden_size 256 Hidden dimension of the feed-forward layer in the Transformer.

num_classes 2 Number of output classes (mainly used for downstream classifica-
tion tasks).

num_self_att_layers 4 Number of Transformer self-attention layers used in the encoder.

dropout 0.3 Dropout rate used for regularization.

num_GNN_layers 4 Number of GNN layers stacked in the encoder.

nhead 8 Number of attention heads in each multi-head self-attention layer.

hidden_dim 128 Dimensionality of hidden representations in the encoder.

max_feature_dim 512 Maximum input node feature dimension after projection.

rwse_steps 5 Number of steps in random walk positional encoding.

Table 8: Training hyperparameters used in the MAML-style Meta-Learning Framework.
Parameter Value Description

meta_epochs 50 Number of meta-training epochs (outer loop iterations).

meta_batch_size 8 Number of tasks sampled per meta-update step.

inner_steps 1 Number of inner-loop gradient update steps on each task.

inner_lr 0.0002 Learning rate used in the inner loop (task-specific adaptation).

outer_lr 0.0001 Learning rate used in the outer loop (meta-model update).

k_folds 5 Number of folds used in task-specific K-Fold data splitting.

support_set_size 80% Number of samples used for inner-loop training (support set),
determined by fold split.

query_set_size 20% Number of samples used for outer-loop meta-update (query set),
determined by fold split.

task_sampling Random Strategy used to sample tasks from the training pool per meta-
iteration.

performance across a limited number of disorders. BrainLM further enhances temporal modeling817

through time-series-based generative pre-training.818

In contrast, BrainGFM adopts both generative and contrastive graph-based pre-training strategies and819

supports multiple adaptation paradigms, including full fine-tuning and graph prompt-tuning. It is820

the only model capable of handling full-shot, few-shot, and zero-shot scenarios. Trained on multiple821

parcellations and evaluated across 25 disorders, BrainGFM demonstrates superior generalizability822

and adaptability. Overall, it stands out as the only comprehensive brain FMs that supports structural823

graph modeling, multi-task transfer, cross-parcellation generalization, and versatile tuning strategies.824

N Benchmarks, Datasets, Disorders and Downstream Tasks825

Table 12 provides a comprehensive summary of the datasets used in our framework, categorized into826

four functional groups: Pre-train, Internal Test, Semi-External Test, and External Test. This827

partitioning is designed to systematically evaluate the performance and generalization ability of our828

brain FMs across varying levels of domain similarity. The Pre-train group includes 19 datasets829
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Table 9: Common support/query set splits used in MAML-style meta-learning.
Support:Query Typical Use Case Description

50% : 50% Balanced Learning Equal emphasis on adaptation and generalization. Often used
when data size is sufficient.

66% : 34% Stronger Adaptation More data is allocated to support the inner loop updates. Suitable
for tasks with high variability.

33% : 67% Stronger Generalization Emphasis on generalization performance, especially useful when
measuring transferability.

Table 10: Settings and considerations for the number of inner loop steps in MAML-style meta-
learning.

Inner Steps Typical Scenario Description

1 Fast Adaptation Common choice with low compute cost. Provides basic task
adaptation and supports batched meta-updates.

3 Balanced Trade-off Provides stronger task-specific learning while maintaining rea-
sonable training cost. Often used in practice.

5 Enhanced Adaptability Allows deeper inner adaptation. Useful for complex or highly
diverse tasks, but increases overfitting risk.

>5 Rarely Used Risk of overfitting support set and high computational cost. Not
commonly used unless thoroughly validated.

comprising over 50,000 samples from both healthy individuals and patients diagnosed with a broad830

spectrum of neurological and psychiatric disorders, such as Alzheimer’s disease (AD), mild cognitive831

impairment (MCI), ADHD, ASD, major depressive disorder (MDD), post-traumatic stress disorder832

(PTSD), and substance use disorder (CUD). These datasets provide rich and diverse training samples833

for learning a robust and generalizable representation. The Internal Test group is constructed834

from a subset of the pre-training datasets and is used to evaluate in-distribution performance, where835

both the disorders and acquisition protocols are seen during pre-training. This setting assesses836

how well the model fits to familiar domains. The Semi-External Test group includes datasets837

involving diseases that overlap with the pre-training stage but originate from different sites, scanners,838

or cohort distributions. This setting simulates moderate domain shifts and is used to measure the839

model’s transferability to partially unseen distributions. Finally, the External Test group consists840

of datasets that are entirely excluded from pre-training and validation stages, containing distinct841

population sources and clinical conditions. This group serves as a stringent benchmark for zero-shot842

generalization, testing the model’s ability to adapt to entirely new domains, disorders, and acquisition843

protocols. Overall, this structured dataset split enables a rigorous and hierarchical evaluation of the844

model’s robustness, transfer performance, and zero-shot generalization capabilities across a wide845

range of real-world neuroimaging scenarios.846

Table 11: Comparison of brain foundation models and baselines across different architectural types,
domains, pre-training strategies, and tuning methods.

Model Foundation Model Type Domain Pre-Training Method Tuning Method Tuning Shot Parcellation Disorder

Vanilla GCN % Graph Spatial - - - Single Single
BrainGNN % Graph Spatial - - - Single Single
Vanilla TF % ROI Spatial - - - Single Single
Graph TF % Graph Spatial - - - Single Single

BrainNetTF % ROI Spatial - - - Single Single

BrainNPT ! ROI Spatial ROI Generative Fine-Tuning Full/Few-shot Single Multiple (< 5)
BrainMass ! ROI Spatial ROI Generative Fine-Tuning Full/Few-shot Single Multiple (10)
BrainLM ! Time Series Temporal Time Series Generative Fine-Tuning Full-shot Single Multiple (< 5)

BrainGFM ! Graph Spatial Graph (Gener. + Contra.) Fine/Prompt-Tuning Full/Few/Zero-shot Multiple Multiple (25)
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Table 12: Overview of Neuroimaging Datasets Used for Pre-Training and Evaluation. We group
datasets by their function in our pipeline: pre-training, internal test, semi-external test, and external
test. The table lists dataset names, number of unique subjects, total samples, and associated disorders.

Function Datasets Source Subjects Samples Disease

Pre-train

ABCD Casey et al. [2018] 11,878 35,770 Multiple
ADHD 200 consortium [2012] 973 1382 ADHD

ABIDE I Di Martino et al. [2014] 1,112 1,112 ASD
ADNI 3 Jack Jr et al. [2008] 1,071 1,410 AD, MCI
AOMIC Snoek et al. [2021] 210 210 Multiple

AURORA McLean et al. [2020] 284 284 PTSD
CAM_CAN Shafto et al. [2014] 652 652 -

CATD Nielson et al. [2023] 127 454 Multiple
GSP Holmes et al. [2015] 1,569 2,706 -

HCP-Aging Bookheimer et al. [2019] 724 724 -
EMBARC Trivedi et al. [2016] 308 308 MDD
LEMON Babayan et al. [2019] 213 213 MDD
HABS Dagley et al. [2017] 284 1,371 -

PREVEND_AD Tremblay-Mercier et al. [2021] 343 2,427 AD
SRPBS_Japan Yamashita et al. [2019] 1,410 1,410 ASD

NYU_CUD Kelly et al. [2011] 29 56 CUD
OASIS3 LaMontagne et al. [2019] 1,172 4,090 Dementia

HBN Alexander et al. [2017] 2,228 4,039 Multiple
SubMex_RTMS Angeles-Valdez et al. [2024] 150 150 CUD

Internal Test ADHD 200 consortium [2012] 973 1382 ADHD
HBN Alexander et al. [2017] 2,282 4,039 Multiple

OASIS3 LaMontagne et al. [2019] 1,172 4,090 Dementia

Semi-External Test
ABIDE II Di Martino et al. [2014] 1,044 1,044 ASD
ADNI 2 Weiner et al. [2013] 1,171 1,306 AD, MCI

SubMex_CUD Angeles-Valdez et al. [2022] 135 135 CUD

External Test UCLA_CNP Poldrack et al. [2016] 261 261 Multiple
REST-META-MDD Yan et al. [2019] 2,379 2,379 MDD

Table 13 and 14 summarizes the 25 brain disorder classification tasks selected from various public847

neuroimaging datasets. These tasks span a remarkably broad range in terms of disease types, age848

groups, and data sources, reflecting the diversity and complexity of real-world clinical scenarios. The849

downstream evaluation covers a wide spectrum of brain conditions, including neurodevelopmental850

disorders (e.g., ADHD, ASD, SLD), affective and emotional disorders (e.g., MDD, anxiety, bipolar851

disorder), psychotic disorders (e.g., schizophrenia), neurodegenerative diseases (e.g., AD, MCI,852

dementia), and substance use disorders (e.g., CUD). Subject age ranges from as young as 5 years853

old (e.g., ABIDE II, HBN) to elderly adults nearing 90 years old (e.g., ADNI, OASIS3), capturing854

the full human lifespan from brain development to cognitive decline. To ensure scientific rigor and855

fairness, we carefully constructed sex-balanced subsets for all labeled downstream tasks, meaning856

that each task includes approximately equal numbers of male and female samples. This prevents857

potential sex biases from influencing model performance. For multi-diagnostic datasets like HBN,858

we created multiple binary classification tasks (e.g., MDD vs. NC, ADHD vs. NC), each treated859

independently within a unified evaluation framework. By incorporating such a comprehensive and860

diverse benchmark, we are able to thoroughly assess the robustness, transferability, and clinical861

relevance of our proposed BrainGFM.862

O Data Acquisition and Preprocessing863

For all cohorts, resting-state fMRI data were collected with varying protocols and scanner parame-864

ters specific to each study site. All available resting-state fMRI data were preprocessed using the865

well-established fMRIPrep pipelineEsteban et al. [2019]. The T1-weighted image was corrected for866

intensity non-uniformity and then stripped skull. Spatial normalization was done through nonlinear867

registration, with the T1w referenceAvants et al. [2008]. Using FSL, brain features such as cere-868

brospinal fluid, white matter, and grey matter were segmented from the reference, brain-extracted869
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Table 13: Overview of 25 Brain Disorders Across Public Neuroimaging Datasets. We select balanced
samples (e.g., HBN, ADNI) for downstream classification. Note that all downstream tasks have
balanced numbers of male and female samples.

Dataset Disease/Disorder/Disability Downstream Task Age Sample Size

ADHD200 Att-ention-Deficit/Hyperactivity Disorder (ADHD) ADHD vs. NC 8-26 402/580

ABIDE II Autistic Spectrum Disorders (ASD) ASD vs. NC 5-64 581/733

ADNI 2 Alzheimers Disease (AD) AD vs. NC 55-89 91/100
Mild Cognitive Impairment (MCI) MCI vs. NC 55-89 168/200

OASIS3 Dementia (DM) DM vs. NC 45-88 290/300

HBN

Major Depression Disorder (MDD) MDD vs. NC 6-20 261/310
Anxiety (ANX) ANX vs. NC 6-20 224/250

Oppositional Defiant Disorder (ODD) ODD vs. NC 6-20 519/319
Obsessive-Compulsive Disorder (OCD) OCD vs. NC 6-20 130/150

Language Disorder (LD) LD vs. NC 6-20 464/319
Specific Learning Disorder (SLD) SLD vs. NC 6-20 335/319

Enuresis (ENU) ENU vs. NC 6-20 279/319
Intellectual Disability (ID) ID vs. NC 6-20 129/150

Post-Traumatic Stress Disorder (PTSD) PTSD vs. NC 6-20 39/40
Encopresis (ECP) ECP vs. NC 6-20 68/70
Dysthymia (PDD) PDD vs. NC 6-20 85/90

Tourette Sydnrome (PS) PS vs. NC 6-20 68/70
Adjustment Disorder (AJD) AJD vs. NC 6-20 96/100

Provisional Tic Disorder (PTD) PTD vs. NC 6-20 68/70
Motor Disorder (MD) MD vs. NC 6-20 123/130

Speech Sound Disorder (SSD) SSD vs. NC 6-20 98/100
Communication Disorder (CD) CD vs. NC 6-20 43/45

SubMex_CUD Cocaine Use Disorder (CUD) CUD vs. NC 18-45 72/63

UCLA_CNP Schizophrenia (SCHZ) SCHZ vs. NC 21-50 50/55
Bipolar Disorder (BP) BP vs. NC 21-50 49/55

REST-META-MDD Major Depression Disorder (MDD) MDD vs. NC 21-50 1,252/1,101

T1 weighted imageZhang et al. [2000]. The fieldmap information was used to correct distortion in870

low-frequency and high-frequency components of fieldmap. Then, a corrected echo-planar imaging871

reference was obtained from a more accurate co-registration with the anatomical reference. The872

blood-oxygenation-level-dependent (BOLD) reference was then transformed to the T1-weighted873

image with a boundary-based registration method, configured with nine degrees of freedom to account874

for distortion remaining in the BOLD referenceGreve and Fischl [2009]. Head-motion parameters875

(rotation and translation parameters of volume-to-reference transform matrices) were estimated with876

MCFLIRT (FSL). BOLD signals were slice-time corrected and resampled onto the participant’s877

original space with head-motion correction, susceptibility distortion’s correction, and then resampled878

into standard space, generating a preprocessed BOLD run in MNI152NLin2009cAsym space. Au-879

tomatic removal of motion artifacts using independent component analysis (ICA-AROMA)Pruim880

et al. [2015] was performed on the preprocessed BOLD time-series on MNI space after removal of881

non-steady-state volumes and spatial smoothing with an isotropic Gaussian kernel of 6 mm FWHM882

(full-width half-maximum).883

P Definition and Description of Used Atlases/Parcellations884

Table 15 provides a systematic comparison of eight widely used brain atlases and parcellations885

adopted in our study, including the number of parcels, construction type (functional or anatomical),886

year of release, and key design features. These atlases represent the most commonly applied frame-887

works in both functional and structural neuroimaging studies and are constructed based on diverse888

methodological principles, making them suitable for different modeling objectives in neuroscience889

research. Specifically, the Schaefer atlas series (Schaefer100/200/300) is derived from resting-state890

fMRI data using gradient-weighted clustering to generate spatially contiguous functional parcels.891

Each parcel is assigned to one of the Yeo 7 or 17 functional networks, preserving hierarchical orga-892

nization and functional homogeneity. This design makes Schaefer atlases particularly suitable for893
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Table 14: Disorders in Different Categories and Their Datasets.

Category Disease/Disorder Dataset(s)

Neurodevelopmental Disorders

Attention-Deficit/Hyperactivity Disorder (ADHD) ADHD200
Autism Spectrum Disorder (ASD) ABIDE II

Language Disorder (LD) HBN
Specific Learning Disorder (SLD) HBN

Intellectual Disability (ID) HBN
Speech Sound Disorder (SSD) HBN
Communication Disorder (CD) HBN

Neurodegenerative Disorders
Alzheimer’s Disease (AD) ADNI 2

Mild Cognitive Impairment (MCI) ADNI 2
Dementia (DM) OASIS3

Mood and Anxiety Disorders

Major Depression Disorder (MDD) HBN, REST-META-MDD
Anxiety (ANX) HBN

Post-Traumatic Stress Disorder (PTSD) HBN
Adjustment Disorder (AJD) HBN

Mild Depression Disorder (PDD) HBN
Bipolar Disorder (BP) UCLA_CNP

Obsessive-Compulsive and Impulse Control Disorders
Obsessive-Compulsive Disorder (OCD) HBN
Oppositional Defiant Disorder (ODD) HBN
Intermittent Explosive Disorder (IED) HBN

Motor Disorders
Tourette Syndrome (TS) HBN
Motor Disorder (MD) HBN

Provisional Tic Disorder (PTD) HBN

Substance Use Disorders Cocaine Use Disorder (CUD) SubMex_CUD

Psychotic Disorders Schizophrenia (SCHZ) UCLA_CNP

Table 15: Comparison of Common Brain Atlases and Parcellations Used in Our Study.
Atlas/Parcellation Parcel Num Type Year Key Features
Schaefer100 100 Functional 2018 Based on resting-state fMRI; each parcel belongs to Yeo

7/17 networks; spatially contiguous; gradient-weighted
clustering.

Schaefer200 200 Functional 2018 Higher resolution; suitable for fine-grained functional
connectivity or graph modeling.

Schaefer300 300 Functional 2018 Even finer granularity; suitable for detailed graph analy-
sis but may increase noise.

Shen268 268 Functional 2013 Group-wise ICA-based; spatially contiguous; widely
used in functional connectomics and GNNs.

Power264 264 Functional 2011 Functional hubs as spheres; not spatially contiguous;
commonly used in network neuroscience.

Gordon333 333 Functional 2016 Combines local gradient and network assignment; fine
resolution.

AAL116 116 Anatomical 2002 Based on anatomical landmarks; widely used in struc-
tural/functional neuroimaging; standard in SPM.

AAL3v1 170+ Anatomical 2020 Updated AAL; includes more detailed subcortical and
cerebellar regions.

functional connectivity analysis and graph neural network modeling. The availability of multiple894

spatial resolutions enables systematic evaluation of model behavior under coarse- to fine-grained895

parcellations. The Shen268 atlas, constructed via group-level independent component analysis (ICA),896

offers spatially contiguous and inter-subject consistent functional parcels and has become a standard897

in GNN-based fMRI research. In contrast, the Power264 atlas identifies spherical regions centered898

on functional hubs without enforcing spatial continuity. Although less anatomically constrained,899

it is widely used in network neuroscience, particularly for studying nodal centrality and modular900

organization. The Gordon333 atlas integrates local gradient information and functional network901
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assignment to define high-resolution, functionally coherent brain regions, enabling precise modeling902

of functional boundaries. In terms of anatomical atlases, the AAL116 atlas is one of the earliest struc-903

tural templates, based on anatomical landmarks and extensively used in both structural and functional904

neuroimaging studies. It remains the default parcellation in tools such as SPM. The AAL3v1 atlas is905

an updated version of AAL116, providing finer subdivisions of subcortical and cerebellar regions for906

enhanced spatial coverage and granularity, supporting more detailed structural-functional integration.907

By incorporating both functional and anatomical atlases, as well as a wide range of spatial granularities908

(from 100 to 333 parcels), our study is designed to comprehensively evaluate the adaptability,909

scalability, and generalization capacity of brain graph models across heterogeneous parcellation910

strategies. This diverse atlas configuration facilitates pre-training under varied topological priors and911

enables robust transfer to downstream tasks involving unseen atlases or disorders. Such design is912

critical for building generalizable BrainGFMs capable of adapting to diverse neuroimaging datasets913

and real-world clinical scenarios.914

Q Broader Impact915

Our proposed Brain Graph Foundation Model (BrainGFM) is designed to be a unified and versatile916

architecture for graph-based modeling of brain data. While our current experiments focus on resting-917

state functional MRI (rs-fMRI), the model is modality-agnostic and readily extensible to other918

neuroimaging modalities, including task-based fMRI (task-fMRI), electroencephalography (EEG),919

diffusion tensor imaging (DTI), and magnetoencephalography (MEG). These diverse modalities can920

be represented as brain graphs, constructed from temporal correlations, structural connectivity, or921

stimulus-evoked activity patterns, making BrainGFM a generalizable framework for multi-modal922

neuroscience applications.923

The ability to transfer knowledge across data types, brain atlases, and clinical conditions enables924

BrainGFM to benefit a wide range of downstream tasks, including biomarker discovery, mental925

disorder diagnosis, and brain-computer interface (BCI) development. Its strong pre-training on926

large-scale brain graphs makes it particularly valuable for low-resource or small-sample settings.927

R Limitation and Future Works928

While our work successfully constructed a large-scale fMRI dataset for pre-training, certain limitations929

remain. Due to the significant manual effort involved, we were unable to include all datasets from930

the OpenNeuro platform Markiewicz et al. [2021], particularly the large number of task-based931

(non-resting-state) fMRI datasets. In addition, because of financial constraints, we were not able to932

incorporate fMRI data from the UK Biobank Bycroft et al. [2018], including both resting-state and933

task-based scans, as access to this dataset requires paid licensing and ongoing maintenance costs.934

In future work, our dataset can be further expanded by incorporating additional resources such as the935

full OpenNeuro repository and the UK Biobank dataset. This would enable the construction of an936

even larger pre-training corpus for BrainGFMs. Moreover, combining task-based and resting-state937

fMRI data could lead to a more comprehensive representation of brain dynamics. We believe that938

with the inclusion of more diverse datasets and task-based fMRI, the performance and generalization939

ability of BrainGFM can be further enhanced.940
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NeurIPS Paper Checklist941
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Question: Do the main claims made in the abstract and introduction accurately reflect the943

paper’s contributions and scope?944

Answer: [Yes]945

Justification: The abstract and introduction clearly state the main contributions, including946

graph-based pre-training, multi-atlas integration, meta-learned graph prompts for few-shot947

learning, and language-guided prompting for zero-shot generalization.948

Guidelines:949

• The answer NA means that the abstract and introduction do not include the claims950

made in the paper.951

• The abstract and/or introduction should clearly state the claims made, including the952

contributions made in the paper and important assumptions and limitations. A No or953

NA answer to this question will not be perceived well by the reviewers.954
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much the results can be expected to generalize to other settings.956

• It is fine to include aspirational goals as motivation as long as it is clear that these goals957

are not attained by the paper.958

2. Limitations959

Question: Does the paper discuss the limitations of the work performed by the authors?960

Answer: [Yes]961

Justification: The paper discusses the limitations in Appendix R.962

Guidelines:963

• The answer NA means that the paper has no limitation while the answer No means that964

the paper has limitations, but those are not discussed in the paper.965

• The authors are encouraged to create a separate "Limitations" section in their paper.966

• The paper should point out any strong assumptions and how robust the results are to967

violations of these assumptions (e.g., independence assumptions, noiseless settings,968

model well-specification, asymptotic approximations only holding locally). The authors969

should reflect on how these assumptions might be violated in practice and what the970

implications would be.971

• The authors should reflect on the scope of the claims made, e.g., if the approach was972
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For example, a facial recognition algorithm may perform poorly when image resolution976
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• While the authors might fear that complete honesty about limitations might be used by984

reviewers as grounds for rejection, a worse outcome might be that reviewers discover985

limitations that aren’t acknowledged in the paper. The authors should use their best986

judgment and recognize that individual actions in favor of transparency play an impor-987

tant role in developing norms that preserve the integrity of the community. Reviewers988

will be specifically instructed to not penalize honesty concerning limitations.989

3. Theory assumptions and proofs990

Question: For each theoretical result, does the paper provide the full set of assumptions and991

a complete (and correct) proof?992
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referenced.999
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• The factors of variability that the error bars are capturing should be clearly stated (for1098

example, train/test split, initialization, random drawing of some parameter, or overall1099

run with given experimental conditions).1100

• The method for calculating the error bars should be explained (closed form formula,1101

call to a library function, bootstrap, etc.)1102

• The assumptions made should be given (e.g., Normally distributed errors).1103

• It should be clear whether the error bar is the standard deviation or the standard error1104

of the mean.1105

• It is OK to report 1-sigma error bars, but one should state it. The authors should1106

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis1107

of Normality of errors is not verified.1108

• For asymmetric distributions, the authors should be careful not to show in tables or1109

figures symmetric error bars that would yield results that are out of range (e.g. negative1110

error rates).1111

• If error bars are reported in tables or plots, The authors should explain in the text how1112

they were calculated and reference the corresponding figures or tables in the text.1113

8. Experiments compute resources1114

Question: For each experiment, does the paper provide sufficient information on the com-1115

puter resources (type of compute workers, memory, time of execution) needed to reproduce1116

the experiments?1117

Answer: [Yes]1118

Justification: We provide the information in the Appendix.1119

Guidelines:1120

• The answer NA means that the paper does not include experiments.1121

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,1122

or cloud provider, including relevant memory and storage.1123

• The paper should provide the amount of compute required for each of the individual1124

experimental runs as well as estimate the total compute.1125

• The paper should disclose whether the full research project required more compute1126

than the experiments reported in the paper (e.g., preliminary or failed experiments that1127

didn’t make it into the paper).1128

9. Code of ethics1129

Question: Does the research conducted in the paper conform, in every respect, with the1130

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?1131

Answer: [Yes]1132

Justification: We follow the Code of Ethics.1133

Guidelines:1134

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.1135

• If the authors answer No, they should explain the special circumstances that require a1136

deviation from the Code of Ethics.1137

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-1138

eration due to laws or regulations in their jurisdiction).1139

10. Broader impacts1140

Question: Does the paper discuss both potential positive societal impacts and negative1141

societal impacts of the work performed?1142

Answer: [Yes]1143

Justification: The conclusion section and Appendix Q discusses how the model can benefit1144

neuroscience and clinical diagnostics.1145

Guidelines:1146

• The answer NA means that there is no societal impact of the work performed.1147

31

https://neurips.cc/public/EthicsGuidelines


• If the authors answer NA or No, they should explain why their work has no societal1148

impact or why the paper does not address societal impact.1149

• Examples of negative societal impacts include potential malicious or unintended uses1150

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations1151

(e.g., deployment of technologies that could make decisions that unfairly impact specific1152

groups), privacy considerations, and security considerations.1153

• The conference expects that many papers will be foundational research and not tied1154

to particular applications, let alone deployments. However, if there is a direct path to1155

any negative applications, the authors should point it out. For example, it is legitimate1156

to point out that an improvement in the quality of generative models could be used to1157

generate deepfakes for disinformation. On the other hand, it is not needed to point out1158

that a generic algorithm for optimizing neural networks could enable people to train1159

models that generate Deepfakes faster.1160

• The authors should consider possible harms that could arise when the technology is1161

being used as intended and functioning correctly, harms that could arise when the1162

technology is being used as intended but gives incorrect results, and harms following1163

from (intentional or unintentional) misuse of the technology.1164

• If there are negative societal impacts, the authors could also discuss possible mitigation1165

strategies (e.g., gated release of models, providing defenses in addition to attacks,1166

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from1167

feedback over time, improving the efficiency and accessibility of ML).1168

11. Safeguards1169

Question: Does the paper describe safeguards that have been put in place for responsible1170

release of data or models that have a high risk for misuse (e.g., pre-trained language models,1171

image generators, or scraped datasets)?1172

Answer: [NA]1173

Justification: The paper does not introduce models or data with high risk of misuse. All1174

resources are aimed at neuroscience research.1175

Guidelines:1176

• The answer NA means that the paper poses no such risks.1177

• Released models that have a high risk for misuse or dual-use should be released with1178

necessary safeguards to allow for controlled use of the model, for example by requiring1179

that users adhere to usage guidelines or restrictions to access the model or implementing1180

safety filters.1181

• Datasets that have been scraped from the Internet could pose safety risks. The authors1182

should describe how they avoided releasing unsafe images.1183

• We recognize that providing effective safeguards is challenging, and many papers do1184

not require this, but we encourage authors to take this into account and make a best1185

faith effort.1186

12. Licenses for existing assets1187

Question: Are the creators or original owners of assets (e.g., code, data, models), used in1188

the paper, properly credited and are the license and terms of use explicitly mentioned and1189

properly respected?1190

Answer: [Yes]1191

Justification: All datasets used (e.g., ABIDE, ADNI, HBN) are cited and publicly available;1192

proper credit and citations are given in the references (e.g., OpenNeuro, fMRIPrep).1193

Guidelines:1194

• The answer NA means that the paper does not use existing assets.1195

• The authors should cite the original paper that produced the code package or dataset.1196

• The authors should state which version of the asset is used and, if possible, include a1197

URL.1198

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.1199

32



• For scraped data from a particular source (e.g., website), the copyright and terms of1200

service of that source should be provided.1201

• If assets are released, the license, copyright information, and terms of use in the1202

package should be provided. For popular datasets, paperswithcode.com/datasets1203

has curated licenses for some datasets. Their licensing guide can help determine the1204

license of a dataset.1205

• For existing datasets that are re-packaged, both the original license and the license of1206

the derived asset (if it has changed) should be provided.1207

• If this information is not available online, the authors are encouraged to reach out to1208

the asset’s creators.1209

13. New assets1210

Question: Are new assets introduced in the paper well documented and is the documentation1211

provided alongside the assets?1212

Answer: [Yes]1213

Justification: The paper constructs a new large-scale multi-atlas brain graph corpus. It is1214

documented in Appendix N with clear dataset composition and construction steps.1215

Guidelines:1216

• The answer NA means that the paper does not release new assets.1217

• Researchers should communicate the details of the dataset/code/model as part of their1218

submissions via structured templates. This includes details about training, license,1219

limitations, etc.1220

• The paper should discuss whether and how consent was obtained from people whose1221

asset is used.1222

• At submission time, remember to anonymize your assets (if applicable). You can either1223

create an anonymized URL or include an anonymized zip file.1224

14. Crowdsourcing and research with human subjects1225

Question: For crowdsourcing experiments and research with human subjects, does the paper1226

include the full text of instructions given to participants and screenshots, if applicable, as1227

well as details about compensation (if any)?1228

Answer: [NA]1229

Justification: The paper does not involve crowdsourcing or direct human subject experimen-1230

tation.1231

Guidelines:1232

• The answer NA means that the paper does not involve crowdsourcing nor research with1233

human subjects.1234

• Including this information in the supplemental material is fine, but if the main contribu-1235

tion of the paper involves human subjects, then as much detail as possible should be1236

included in the main paper.1237

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,1238

or other labor should be paid at least the minimum wage in the country of the data1239

collector.1240

15. Institutional review board (IRB) approvals or equivalent for research with human1241

subjects1242

Question: Does the paper describe potential risks incurred by study participants, whether1243

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)1244

approvals (or an equivalent approval/review based on the requirements of your country or1245

institution) were obtained?1246

Answer: [NA]1247

Justification: All human neuroimaging data used are obtained from public and private1248

datasets with pre-approved IRB statements and anonymization handled by the original data1249

providers.1250

Guidelines:1251

33

paperswithcode.com/datasets
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