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Abstract. Multi-site functional Magnetic Resonance Imaging (fMRI)
datasets offer unprecedented opportunities for developing diagnostic biomark-
ers for neuropsychiatric disorders such as Autism Spectrum Disorder
(ASD). However, site-induced distributional shifts across acquisition cen-
ters severely compromise model generalizability, rendering classifiers trained
at one institution ineffective when deployed at others. In this work, we
propose a few-shot cross-site domain generalization framework based
on Model-Agnostic Meta-Learning (MAML) for multi-site Brain Net-
work classification. By treating each acquisition site as a distinct meta-
learning task, our framework meta-trains a linear classifier on top of a
pre-trained backbone, learning an initialization that rapidly adapts to
unseen sites using only k = 3 labeled support examples, achieving a
1.5% improvement in AUC across different backbone architectures. In
comparison, achieving similar accuracy with classical approaches would
require up to 15 labeled examples, demonstrating that MAML provides
a strong site-generalizable initialization that enables rapid few-shot clas-
sifier adaptation to each unseen site. Our method consistently outper-
forms CORrelation ALignment (CORAL) and Meta-Learning for Do-
main Generalization (MLDG) across multiple backbone architectures,
and performance gains further scale with the number of training sites.
This study shows the necessity of focusing research on inter-site variabil-
ity for fMRI studies, as classical methods poorly generalize to new sites.
The implementation is available at https://github.com/fezz-bazay/
MAML-TTA-Brain-Network.

Keywords: Meta-learning · Few-shot domain generalization · Brain net-
work classification · Multi-site neuroimaging · Autism spectrum disorder

https://github.com/fezz-bazay/MAML-TTA-Brain-Network
https://github.com/fezz-bazay/MAML-TTA-Brain-Network


2 F. E. Z. Bazay et al.

1 Introduction

Resting-state Functional Magnetic Resonance Imaging (rs-fMRI) has emerged
as a powerful neuroimaging modality for investigating brain function and identi-
fying diagnostic biomarkers for neuropsychiatric disorders, particularly Autism
Spectrum Disorder (ASD) [1–4]. This non-invasive technique can measure spon-
taneous neural activity during task-free states, making it especially valuable
for populations with cognitive limitations who may struggle with task-based
paradigms. Recent advances in deep learning, particularly transformer architec-
tures [5–8], have demonstrated exceptional promise for extracting discriminative
patterns from complex brain network data, in which Regions of Interest (ROIs)
form fully connected graphs, with connection profiles serving as informative node
features.

However, the clinical deployment of these complex models faces a critical
challenge: the dramatic performance degradation when applied across different
data acquisition sites. The pursuit of larger datasets for improved statistical
power has led to multi-institutional data aggregation, exemplified by datasets
such as the Autism Brain Imaging Data Exchange (ABIDE) that encompasses 19
international sites [9,10]. Unfortunately, this introduces substantial technical het-
erogeneity, stemming from variations in scanner specifications, acquisition pro-
tocols, preprocessing pipelines and population demographics [11–14]. These site-
specific variations create distributional shifts that severely compromise model
generalizability, rendering diagnostic systems trained at one institution poten-
tially ineffective when deployed at others. We distinguish between intra-site gen-
eralization, where the model is evaluated on held-out subjects from sites seen
during training, and inter-site generalization, where the model is evaluated on
completely unseen acquisition from other sites. The latter is a clinically relevant
challenge for real-world deployment, as new clinical centers will inevitably differ
in scanner hardware, acquisition protocols and patient demographics.

Current approaches to address cross-site variability include naive data ag-
gregation [15], domain adaptation methods such as CORrelation ALignment
(CORAL) [16], and meta-learning for domain generalization such as Meta-Learning
for Domain Generalization (MLDG) [17]. However, these strategies suffer from
important limitations: aggregation methods fail to explicitly account for dis-
tributional differences [11, 12], domain adaptation approaches require target
domain information and site-specific model customization [18], while MLDG
lacks few-shot site adaptation capabilities for rapid adjustment to new acqui-
sition sites. From a broader meta-learning and domain generalization perspec-
tive [19–22], existing approaches have shown limited effectiveness in the complex,
high-dimensional space of neuroimaging data. While previous meta-learning ap-
proaches [23] employ modulation networks for feature calibration, these methods
lack the systematic coupling of meta-initialization with few-shot site adaptation
needed for effective cross-site generalization.

We address these limitations by proposing a novel few-shot cross-site do-
main generalization framework for multi-site neuroimaging classification. Our
framework combines MAML with few-shot site adaptation, treating each acqui-
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Fig. 1. Overview of our site-adaptive meta-learning framework for cross-site brain net-
work classification. Stage A constructs cross-site meta-tasks using a site-as-task MAML
formulation to meta-train an adaptable linear classifier Cψ on top of a frozen pre-trained
backbone fϕ, through episodic training across source sites. Stage B applies few-shot
site adaptation to unseen sites, adapting only the classifier using k = 3 labeled support
examples with K = 3 inner gradient steps.

sition site as a distinct meta-learning task. Only the linear classifier is adapted
at inference time using k labeled support examples from the unseen site, while
the backbone remains frozen, enabling efficient and rapid adaptation. This work
addresses three research questions:

RQ1. Can treating acquisition sites as meta-learning tasks improve general-
ization to unseen sites?

RQ2. How many labeled examples per unseen site (support examples) does
our method require compared to standard fine-tuning?

RQ3. Do performance gains scale with the number of training sites?

2 Method

We propose a two-stage framework for cross-site brain network classification,
illustrated in Fig. 1. In Stage A, a linear classifier is meta-trained on top of
a frozen pre-trained backbone across source sites using episodic training. In
Stage B, the classifier is rapidly adapted to each unseen site at inference time
using only k = 3 labeled support examples via few-shot site adaptation.

2.1 Problem Formulation

We formulate the multi-site neuroimaging problem as follows. Given a collec-
tion of neuroimaging sites S = {S1, S2, ..., SM}, each site Sm contains brain
connectivity samples Dm = {(X(m)

i , y
(m)
i )}nm

i=1, where X
(m)
i ∈ RR×R represents
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functional connectivity between R brain regions and y
(m)
i ∈ {0, 1} denotes the

diagnostic label (ASD/Typical Development (TD)).
The fundamental challenge arises from site-induced distribution shifts, where

P (X|Sa) ̸= P (X|Sb) for different sites Sa, Sb ∈ S, while the underlying diagnos-
tic mapping P (y|X) remains consistent across sites. Our objective is to learn
a site-adaptive predictor Φθ : RR×R → [0, 1] that minimizes the expected risk
across all sites:

min
θ

ES∼S
[
E(X,y)∼DS

[L(Φθ(X), y)]
]

(1)

2.2 Site-as-Task Model-Agnostic Meta-Learning Framework

The core innovation of our approach lies in formulating cross-site adaptation as
a meta-learning problem where each acquisition site becomes a distinct meta-
learning task. We define a meta-task Ti for each site Si as Ti = {Dsupporti ,Dqueryi }
where Dsupporti and Dqueryi represent support and query sets from the same
site. Support and query sets are sampled randomly from each site using a fixed
random seed, with k support examples and the remaining subjects serving as
the query set.

To enable efficient adaptation, we decompose our model into complementary
components:

Φθ(X) = Cψ(fϕ(X)) (2)

where θ = {ϕ, ψ} denotes all model parameters, fϕ : RR×R → Rd serves as a
site-invariant backbone feature extractor with parameters ϕ, and Cψ : Rd → [0, 1]
functions as an adaptable diagnostic classifier with parameters ψ that undergoes
selective adaptation during meta-learning and few-shot site adaptation.

The backbone fϕ is pre-trained on source sites using standard supervised
learning and kept frozen throughout both the inner and outer loops of meta-
training. Only the linear classifier Cψ : Rd → [0, 1] receives gradient updates
during meta-learning and few-shot site adaptation. This two-stage design fol-
lows the feature reuse paradigm that was shown to be effective in few-shot clas-
sification [24], reducing the adaptation parameter space to the classifier only,
which limits the risk of overfitting to the small support set (k = 3 examples)
available at test time while preserving the feature representations learned during
pre-training.

2.3 Site-as-Task MAML Algorithm

Our meta-learning algorithm adapts MAML [19,25] to the multi-site neuroimag-
ing setting through episodic training where each episode simulates adaptation
to a new acquisition site. The algorithm operates through inner and outer opti-
mization loops:

Inner Loop (Site Adaptation): For each meta-task corresponding to site
Si, we adapt the classifier parameters using k support examples:

ψ∗
i = ψ − α∇ψLCE(Dsupporti ; fϕ, Cψ) (3)
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Outer Loop (Meta-Update): We evaluate the adapted parameters on the
query set and update only the classifier meta-parameters, while the backbone
fϕ remains frozen:

ψ ← ψ − β∇ψ
M∑
i=1

LCE(Dqueryi ; fϕ, Cψ∗
i
) (4)

fϕ remains frozen throughout; gradients flow only through ψ, making meta-
training computationally efficient.

This constitutes our few-shot site adaptation procedure, where given k la-
beled support examples from an unseen site Snew at inference time, the same
inner loop is applied to obtain site-adapted parameters ψ∗

new, which are then
used to classify the remaining subjects of that site.

3 Experiments

This section evaluates the effectiveness of our proposed backbone-MAML frame-
work with extensive experiments.

3.1 Experimental Settings

Dataset. We conduct experiments on the Autism Brain Imaging Data Exchange
(ABIDE) dataset [26, 27], which collects resting-state fMRI from 19 interna-
tional sites containing 1,009 subjects (516 ASD, 493 TD). Brain networks are
defined using the Craddock 200 atlas [9] with 200 ROIs. We apply stratified sam-
pling during data splitting to ensure balanced representation of both diagnostic
groups. We adopt a strict leave-sites-out evaluation protocol. Four large sites
serve as source domains for training NYU (175 subjects), UM1 (106), UCLA1
(72), and USM (71), totaling 424 subjects. The remaining 15 sites (585 sub-
jects) are held out as completely unseen test sites. For the scaling experiments,
training sites are selected in decreasing order of size from all 19 ABIDE sites,
ranging from N = 1 to N = 16, with the remaining sites serving as unseen test
sites at each operating point. Within source sites, subjects are split into 70%
for MAML training, 10% for intra-site validation, and 20% for intra-site testing
using stratified sampling to ensure balanced ASD/TD representation in each
split.

Implementation Details. The backbone is pre-trained on the source sites
and frozen during meta-training. Only the linear classifier (800→ 2) undergoes
meta-learning and few-shot site adaptation. We set the inner learning rate α =
0.001, meta learning rate β = 0.001, inner loop steps K = 3, support size k = 3,
meta-batch size 4, and train for 200 epochs with Adam optimizer. The model
is trained on a single NVIDIA V100 GPU. All results are averaged over 5 seeds
(43–47).

Baselines. We compare against three methods. (1) BNT source-only [6]
is a standard, state-of-the-art, model trained on source sites without domain
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adaptation. (2) BNT-CORAL [16] performs domain adaptation via second-order
statistics alignment. (3) BNT-MLDG [17] applies meta-learning for domain gen-
eralization without few-shot site adaptation. All methods use the same BNT
backbone for fair comparison. We report AUC, Accuracy (ACC), Sensitivity
(SEN), and Specificity (SPEC) on the 15 unseen inter-sites.

3.2 Performance Analysis (RQ1)

Table 1 presents inter-site results on ABIDE. To study the framework’s consis-
tency, we use 3 different backbones: a multi-layer perceptron (MLP), a Graph-
Transformer [5], and the state-of-the-art Brain Network Transformer (BNT).
In this section, the MAML-FewShot uses k = 3 support examples per site and
K = 3 inner gradient steps. A thorough study of these parameters is presented in
Sec. 3.4. Our framework outperforms all baselines. Notably, it achieves an inter-
site AUC of 72.39± 1.30% with BNT as the backbone. Comparatively, CORAL
and MLDG yield negligible or negative improvements over the BNT source-
only model (−0.54% and −0.55%, respectively). Table 1 further shows that
MAML-FewShot consistently improves over source-only across all three back-
bones (MLP: +1.45%, GraphTransformer: +1.54%, BNT: +1.73%), demonstrat-
ing the generality of the framework. Regarding clinical metrics, BNT-MAML-
FewShot achieves 75.31% sensitivity and 57.39% specificity on inter-site. This
asymmetry reflects the class imbalance in unseen sites and the heterogeneity
of ASD presentations. Notably, GT-MAML-FewShot yields a specificity below
chance (44.24%), indicating that backbone choice critically affects clinical relia-
bility, and motivating our focus on BNT as the primary backbone. The inconsis-
tency between sensitivity and specificity likely reflects class imbalance in unseen
sites and the inherent heterogeneity of ASD presentations across acquisition cen-
ters, where the model learns to prioritize ASD detection at the cost of reduced
specificity. We conduct the rest of our study on BNT, as the improvement is
consistent across backbones and BNT achieves the highest accuracy.

3.3 Ablation Study and Backbone Generalizability (RQ2)

Table 1 Ablation shows the impact of both MAML and few-shot adaptation
independently, using BNT as the backbone. Three observations emerge. First,
Few-shot adaptation alone without MAML degrades inter-site AUC (−1.19%
below BNT source-only), confirming that SGD fine-tuning on k = 3 supports
examples without a meta-learned initialization fails to improve generalization
to unseen sites, and even hurts performance compared to no adaptation at all.
Second, MAML alone, without few-shot adaptation, also yields a marginal degra-
dation (−0.11%), as MAML learns a strong site-generalizable initialization but
does not adapt the classifier at test time to the specific distribution of the new
site. Third, BNT-MAML-FewShot achieves the best inter-site AUC (72.39%, a
1.73% improvement), confirming that MAML and few-shot adaptation are com-
plementary; MAML provides a well-initialized starting point from which few-
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Table 1. Inter-site and intra-site results on ABIDE I. Mean ± std over 5 seeds (43–
47). For MAML-FewShot, we used k = 3 support examples per site and K = 3 inner
gradient steps.

Method Protocol AUC (%) ACC (%) SEN (%) SPEC (%)

Source-only baselines

MLP Intra 77.18± 4.59 69.38± 5.56 75.73± 17.37 62.73± 19.39
Inter 67.60± 0.60 62.50± 1.44 73.36± 14.52 50.50± 16.62

GraphTransformer Intra 71.94± 3.56 66.25± 2.72 68.82± 8.52 63.79± 3.08
Inter 66.14± 0.62 61.74± 0.86 64.63± 5.35 58.56± 4.73

BNT Intra 77.34± 7.83 69.88± 6.34 73.33± 9.33 66.51± 11.54
Inter 70.66± 0.86 65.47± 1.18 71.79± 3.92 58.49± 4.05

Domain adaptation/generalization baselines

BNT-CORAL Intra 76.03± 5.15 69.38± 5.98 72.42± 8.22 66.14± 6.73
Inter 70.12± 0.23 65.03± 1.26 70.94± 3.69 58.49± 5.16

BNT-MLDG Intra 77.36± 5.42 70.62± 5.17 85.09± 10.91 54.92± 15.47
Inter 70.11± 1.19 64.65± 2.66 77.92± 8.40 50.00± 13.97

Ablation (BNT backbone)

BNT-FewShot (w/o MAML) Intra 89.49± 3.88 79.06± 4.26 80.13± 7.39 78.34± 7.82
Inter 69.47± 1.76 64.63± 1.88 69.01± 4.39 59.85± 3.46

BNT-MAML (w/o adaptation) Intra 89.49± 5.60 77.81± 3.88 76.67± 8.59 80.30± 9.34
Inter 70.55± 0.75 63.35± 3.15 71.79± 3.92 58.49± 4.05

Our method

MLP-MAML-FewShot Intra 77.18± 4.59 69.38± 5.56 75.73± 17.37 62.73± 19.39
Inter 69.05± 1.20 63.02± 1.80 69.20± 12.37 56.30± 10.79

GT-MAML-FewShot Intra 71.94± 3.56 66.25± 2.72 68.82± 8.52 63.79± 3.08
Inter 67.68± 0.83 61.29± 2.89 77.00± 12.40 44.24± 18.53

BNT-MAML-FewShot Intra 89.49± 5.32 78.44± 6.43 76.67± 8.59 80.30± 9.34
Inter 72.39± 1.30 66.75± 2.22 75.31± 5.14 57.39± 7.96

shot adaptation successfully bridges the remaining domain gap with just K = 3
gradient steps.

3.4 Data Efficiency and Scaling Analysis (RQ3)

Figure 2(a) reveals a persistent generalization gap between intra-site AUC (source
sites, ∼ 87–90%) and inter-site AUC (unseen sites, ∼ 70–79%) across all values of
N . This gap of ∼ 15–20% confirms that models trained on source sites generalize
poorly to unseen acquisition centers, regardless of the number of training sites.
This motivates our focus on inter-site evaluation as the primary metric through-
out this study. Importantly, the gap narrows as N increases, suggesting that
exposure to more diverse training sites improves cross-site generalization. Fig-
ure 2(b) shows that as training sites increase from N = 1 to 16, MAML-FewShot
consistently outperforms BNT source-only in terms of AUC at every operating
point (+1.22% at N = 4, +3.50% at N = 16). Importantly, the performance gap
widens as the number of training sites increases, suggesting that meta-learning
benefits compound with dataset diversity. Notably, even at N = 1, MAML-
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(c) Inner loop steps sensitivity
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(d) Data efficiency
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Fig. 2. (a) Generalization gap: Intra-site AUC (source sites) vs. inter-site AUC
(unseen sites) as a function of number of training sites N . (b) Scaling with training
sites: Inter-site AUC vs. number of training sites N for BNT-MAML-FewShot and
BNT source-only. (c) Inner loop steps sensitivity: Inter-site AUC vs. number of
inner loop steps K with k = 3 fixed. (d) Data efficiency: Inter-site AUC vs. number
of support examples k for BNT-MAML-FewShot and BNT-SGD fine-tuning.

FewShot outperforms BNT source-only, suggesting that the episodic training
objective encourages a more generalizable initialization even from a single site.
The number of inner loop steps K is the main hyperparameter of our framework.
As shown in Fig. 2(c), Steps= 3 (as reported in Table 1) achieves strong perfor-
mance (72.39%), with performance slightly degrading for steps≥ 5, suggesting
that a small number of gradient steps is sufficient and that excessive adap-
tation steps are not beneficial. Figure 2(d) shows that BNT-MAML-FewShot
consistently outperforms SGD fine-tuning across all values of k. Notably, even
with k = 1, MAML-FewShot already achieves 72.26% AUC, a performance that
SGD fine-tuning only matches at k = 15, demonstrating that the meta-learned
initialization substantially reduces the need for labeled support examples at de-
ployment time.

4 Conclusion

We proposed a site-adaptive meta-learning framework combining MAML with
few-shot site adaptation for multi-site autism brain network classification. By
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treating each acquisition site as a meta-learning task, our method achieves
72.39% inter-site AUC on 15 completely unseen ABIDE sites, outperforming
CORAL, MLDG, and BNT source-only across multiple backbone architectures.
The ablation confirms that MAML and few-shot adaptation are complementary,
with the framework requiring only k = 3 support examples compared to k = 15
for standard fine-tuning, and performance scaling consistently from N = 1 to
N = 16 training sites. Strengths. Unlike domain adaptation methods [16] re-
quiring target data during training, our framework requires no target-domain
data during meta-training, adapting to unseen sites using only k = 3 labeled
support examples at inference. Unlike MLDG [17], it enables rapid site-specific
adjustment in K = 3 gradient steps, and unlike [23], it is backbone-agnostic
requiring no architectural modifications. Limitations. A persistent ∼ 15–20%
gap between intra- (∼ 87–90%) and inter-site AUC (72.39%) highlights that
cross-site generalization remains an open challenge. Experiments are limited to
ABIDE I with N = 4 source sites, though performance improves consistently
with more training sites. Furthermore, we did not explicitly control for demo-
graphic confounds such as age and sex distributions across sites, which may con-
tribute to the observed inter-site variability. Evaluation is restricted to ABIDE I,
and generalization to independent cohorts or other neuropsychiatric conditions
such as ADHD remains to be established. Future Work. Future directions in-
clude extending to ABIDE II and other disorders such as schizophrenia and
ADHD, investigating structural and diffusion MRI modalities, and extending to
multi-class classification beyond binary ASD/TD diagnosis.
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