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Abstract. Developing generalizable predictive models for brain disease
detection critically depends on the availability of a large amount of fMRI
data. To enable large-scale analysis, it is often necessary to aggregate
data from multiple acquisition sites/domains. However, differences in
scanners and acquisition protocols across sites lead to unfavorable het-
erogeneity in data distribution, which hinders reliable biomarker iden-
tification and undermines the generalizability of predictive models. In
this paper, we propose URLCF, a novel few-shot learning framework
that learns a set of universal representations by distilling knowledge
from multiple separately trained models for cross-domain autism de-
tection. Specifically, we first train multiple domain-specific networks to
serve as teacher models for guiding the universal model. Subsequently,
domain-specific data are simultaneously fed into both the universal and
teacher models. By randomly masking the output features of the univer-
sal model and employing domain-specific generators to reconstruct these
masked features, we align the learned representations of the universal
model with those of the teachers. Concurrently, a domain discrimina-
tor is introduced to perform domain alignment, jointly facilitating the
learning of universal representations. Finally, few-shot fine-tuning is con-
ducted on the unseen domain to enable rapid adaptation to the unseen
distribution. Experimental results on the ABIDE dataset demonstrate
that URLCF achieves superior performance in autism detection under
both zero-shot and five-shot settings, confirming its effectiveness in gen-
eralizing to unseen domains with limited data. The code is available at
https://github.com/dwd111/URLCF.
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1 Introduction

Autism Spectrum Disorder (ASD) is a neurodevelopmental disorder character-
ized by deficits in social communication and atypical behavior patterns [1]. It
is a multifaceted condition that profoundly impacts individual quality of life
and broader societal development. Therefore, precise diagnosis of ASD is cru-
cial for effective early intervention and societal care. Resting-state functional
magnetic resonance imaging (rs-fMRI) captures spontaneous blood-oxygen-level-
dependent (BOLD) fluctuations in a non-invasive and task-free manner, emerg-
ing as a crucial adjunct for the diagnosis of ASD. Functional connectivity (FC),
derived from temporal correlations of BOLD signals [2,15], has been extensively
investigated for the identification of various brain disorders.

Deep learning (DL) has recently shown great potential for FC analysis, ow-
ing to its capacity to learn informative feature representations. Despite these
advances, DL models heavily rely on large amounts of labeled training data to
achieve better performance. However, the scarcity of disease-related fMRI data
at a single site limits the performance and generalizability of these models. Ag-
gregating data from multiple sites is therefore commonly considered a solution
to alleviate data insufficiency. Unfortunately, the data collected across multi-
ple sites introduces substantial inter-site heterogeneity arising from variations
in scanners and acquisition protocols, which hinders model performance and
cross-domain generalization [19,21].

To mitigate the multi-site heterogeneity, a common approach is the ComBat
harmonization method [20], which aims to eliminate site-specific differences from
the data. However, since data needs to be reprocessed every time a new site is
added, extra effort is required when dealing with unseen sites. Another approach
is the domain adaptation (DA) method [3,12], which addresses the data hetero-
geneity problem by transferring knowledge from the source domain to the target
domain during training. Nevertheless, this reliance on target domain data during
training limits its generalization performance on unseen domains.

In this paper, we propose URLCF, a novel few-shot learning framework that
learns a set of universal representations by distilling knowledge from multiple
separately trained models for cross-domain ASD detection. Specifically, we first
train multiple domain-specific networks as teacher models to guide the learning
of the universal student model. Subsequently, to align the representations of the
student model with those of the teacher models, domain-specific data are simul-
taneously fed into both models. This alignment is achieved by randomly masking
the student model’s output features and employing domain-specific generators
to reconstruct the masked features. Meanwhile, we introduce a domain discrimi-
nator to perform domain alignment, thereby collectively promoting the learning
of universal representations. Finally, we freeze the trained student model and
integrate a lightweight adaptive module for few-shot fine-tuning, enabling rapid
adaptation to unseen distributions. Our contributions are summarized as follows:

1) We propose URLCF, a novel few-shot learning framework that distills knowl-
edge from multiple domain-specific teachers into a universal student model,
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Fig. 1. The framework of our proposed URLCF.

thereby alleviating multi-site fMRI heterogeneity for cross-domain ASD de-
tection.

2) We introduce an alignment strategy that integrates masked generation with
domain discrimination to promote the learning of universal representations.
Moreover, a lightweight adaptive module is employed to enable rapid few-
shot fine-tuning (e.g., 5-shot) to unseen domains.

3) Extensive experiments on the ABIDE dataset demonstrate that our URLCF
consistently outperforms state-of-the-art methods in cross-domain ASD de-
tection under both zero-shot and five-shot settings.

2 Method

Given a multi-site dataset {Di}Ni=1 with Di = {(x(i)
j , y

(i)
j )}Pi

j=1, where Pi denotes
the sample size of the i-th site, and N denotes the number of sites. Our objective
is to learn a mapping function f : X → Y that accurately predicts the diagnostic
label y ∈ Y (e.g., ASD or NC) from the input FC feature x ∈ X . As shown in
Fig. 1, our framework consists of two stages: 1) We learn a universal student
model by distilling knowledge from multiple separately trained models. 2) We
freeze the learned student model, add a trainable lightweight module, and fine-
tune it with a few samples to rapidly adapt to the target domain distribution.
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2.1 Domain-Specific Networks Pre-Training

To leverage domain-specific knowledge, we first trainN domain-specific networks
as teacher models, denoted as {Ti}Ni=1, on their respective domains. Each teacher
Ti consists of a feature extractor FTi and a classifier CTi . The validation accuracy
of each teacher classifier is adopted to determine its confidence weight wi during
distillation, formulated as follows:

wi =
exp(si/τ)∑M
j=1 exp(sj/τ)

, (1)

where τ is a parameter to control the smoothness of the weight distribution (e.g.,
τ = 0.9), and M is the number of teacher models in the distillation stage.

2.2 Learning Universal Representation

Given M training datasets {Di}Mi=1, known as source domains Db. In this phase,
we freeze the teacher models {Ti}Mi=1 and distill their knowledge into the student
model S during training. Specifically, the student model S consists of a feature
extractor FS and a general classifier CS . As illustrated in Fig. 1, we feed domain-
specific data into {Ti}Mi=1 and S simultaneously. Then, we employ Kullback-
Leibler (KL) divergence to obtain prediction logits based on the logits of the
teacher models ZTi , supplemented by cross-entropy classification loss based on
the true labels. In addition, we also integrate a mask generative strategy for
feature alignment and a conditional domain discriminator for domain alignment
to jointly promote the learning of universal representations.

Masked Generative Alignment. Let {f (i)S }Mi=1= {f (1)S , f
(2)
S , . . . , f

(M)
S } denote

the set of feature batches produced by the student model, where f
(i)
S represents

the batch of feature vectors corresponding to the site Di. We generate masked
representations f̃ (i)S by applying a binarized mask M to the student features f (i)S .
The process of mask definition and feature masking is formulated as:

M =

{
0, if R ≤ ρ

1, otherwise
, f̃

(i)
S = f

(i)
S ⊙M, (2)

where R is a random matrix with elements in the range (0, 1) and the same
dimensionality as f (i)S , ρ is a hyperparameter controlling the masking ratio (e.g.,
0.25), and ⊙ denotes the element-wise multiplication.

Subsequently, given the domain-specific generators {Gi}Mi=1, the masked fea-
tures are reconstructed using their respective generator Gi. Specifically, we em-
ploy Gi to project the incomplete student features f̃

(i)
S into the teacher’s feature

space, thereby aligning the reconstructed representations with the teacher fea-
tures. Notably, the parameters of these generators are optimized jointly with the
student model. The reconstruction process is formulated as:

f̂
(i)
S = Gi(f̃ (i)S ) = W2 · Leaky

(
BN(W1 · f̃ (i)S )

)
, (3)
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where Gi denotes the domain-specific generator of the i-th site, which includes
two linear layers parameterized by W1 and W2, a Batch Normalization layer,
and a LeakyReLU activation.

Conditional Domain Discriminator. To align the reconstructed represen-
tations with domain-specific distributions, we introduce a conditional domain
discriminator D, implemented as a Multi-layer Perceptron (MLP). First, D is
optimized on the frozen teachers’ features and predictions to establish precise
decision boundaries for each source domain. Subsequently, the features produced
by the domain-specific generators are combined with the student predictions and
predicted by D as site Di, which can be formulated as:

yd = D(f̂
(i)
S ∥ p

(i)
S ) = D

(
f̂
(i)
S ∥ σ(ZS)

)
, (4)

where ∥ denotes the concatenation operation, p(i)
S is the class probability vector

for the i-th site, σ(·) represents the softmax function, ZS corresponds to the stu-
dent’s logits, and yd indicates the domain scores generated by the discriminator.

2.3 Few-Shot Adaptation

A strong general-purpose feature extractor is expected to learn representations
that generalize well across many previously unseen domains. Nevertheless, this
task becomes significantly more demanding when a substantial domain gap exists
(e.g., variations in scanner protocols) between the training set Db and the test
set Dt, necessitating further adaptation to the target context. Each few-shot task
in test set Dt consists of a support set Si = {(xi, yi)}|S|

i=1 with |S| sample and
label pairs respectively and a query set Q = {(xj)}|Q|

j=1 with |Q| samples to be
classified. We introduce a lightweight trainable module Rψ with parameters ψ.
We append Rψ to the frozen FS and optimize ψ using only the support set Si.
The process is formulated as follows:

zi = FS(xi), ẑi = zi ⊕Rψ(zi), p(yi|xi) = σ (CS(ẑi)) , (5)

where ⊕ denotes the element-wise addition, Rψ consists of two linear layers
with batch normalization and ReLU activation, initialized to perform an iden-
tity mapping at the start of adaptation and p(yi|xi) represents the probability
assigned to the ground-truth class yi by the frozen general classifier.

2.4 Loss Function

Our framework is jointly optimized with four loss functions: (1) a cross-entropy
loss Lcls to supervise ASD classification; (2) a mask reconstruction loss Lrec
that enables teachers to improve the student’s representational capacity through
guided feature recovery; (3) a distillation loss LKL to transfer prediction logits



6 Z. Mao et al.

from the teacher models; and (4) a domain alignment loss Ldom to mitigate
domain-specific biases. These loss functions are defined as:

Lcls =
M∑
i=1

wiCE(CS(f (i)S ), y(i)), Lrec =
M∑
i=1

wi

∥∥∥f̂ (i)S −FTi
(x(i))

∥∥∥2
2
, (6)

LKL =

M∑
i=1

wiKL

(
σ

(
ZTi

τ

)
, σ

(
Z

(i)
S

τ

))
, Ldom =

M∑
i=1

wiCE (yd, i) , (7)

where wi denotes the confidence weight assigned to the i-th teacher, and Z
(i)
S

is the predictive logits produced by the student classifier corresponding to the
input samples from the i-th site. Finally, the total loss is computed as:

Ltotal = Lcls + λLdom + βLKL + γLres, (8)

where λ, β and γ are trade-off hyperparameters for balancing different losses.
For adaptation to an unseen domain, we optimize the lightweight module Rψ

by minimizing the cross-entropy loss over the support set Si:

Ladapt(ψ) = − 1

|S|

|S|∑
i=1

logp(yi|xi), (9)

where |S| is the number of samples in the support set.

3 Experiments

3.1 Experimental Settings

Datasets and Preprocessing. We evaluate URLCF on the ABIDE [5] dataset,
which contains functional MRI data from 17 acquisition sites. For reproducibility,
we downloaded the version provided by the Preprocessed Connectome Project.
After preprocessing, we collected 1102 subjects, comprising 531 ASD patients
and 571 normal controls (NCs). For brain region parcellation, we employed the
Anatomical Automatic Labeling (AAL) atlas with 116 ROIs [18].
Baselines. The URLCF is compared with three types of baselines to verify
its effectiveness, including: (1) Basic methods: GCN [9], BrainNetTF [11], and
MLP [14]. (2) Few-shot learning methods: Prototypical Networks [16], Meta-
Baseline [4], and MAML [7]. (3) Domain-invariant methods: DSR [3], DVAE [13],
and ComBat [10].
Implementation Details. The models are trained on an NVIDIA 2080Ti GPU.
We build our method on a 3-layer MLP backbone for both the teacher models
and the student model. Each classifier is implemented as a single fully connected
layer. During the universal representation learning phase, we use the Adam op-
timizer with a learning rate of 5e-4 and a weight decay of 5e-4. The batch size is
16 and the epoch is 500. For the subsequent few-shot adaptation stage, we use
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Table 1. Experimental results of the comparison methods on the ABIDE dataset.

Type Method ACC(%) SEN(%) SPE(%) AUC(%)

Basic
GCN 65.87 53.77 77.07 67.61
BrainNetTF 66.72 57.97 74.45 69.62
MLP 66.70 66.33 67.26 69.19

Few-shot learning
Prototypical Networks 58.71 57.59 60.23 61.07
Meta-Baseline 59.16 55.19 62.43 62.35
MAML 62.17 64.53 61.37 67.37

Domain-invariant
ComBat 68.76 69.09 67.33 69.57
DSR 70.75 66.57 74.00 72.61
DVAE 71.09 67.24 74.10 73.42

Ours URLCF zero-shot 72.72 68.81 75.83 73.59
URLCF five-shot 75.48 71.93 78.20 75.99

Table 2. Experimental results of the ablation study.

Setting Method ACC(%) SEN(%) SPE(%) AUC(%)

zero-shot

URLCF w/o MR 70.76 67.64 72.99 72.96
URLCF w/o D 71.13 68.93 72.73 71.99
URLCF w/o wi 71.42 68.86 73.86 72.75

URLCF 72.72 68.81 75.83 73.59

five-shot

URLCF w/o MR 72.76 69.11 75.27 74.98
URLCF w/o D 72.10 69.66 73.80 74.36
URLCF w/o wi 73.91 72.03 75.67 74.90

URLCF 75.48 71.93 78.20 75.99

the Adadelta optimizer with a learning rate of 1e-3 and train the model for 10
iterations.
Evaluation Metrics. In this study, we employ the leave-one-site-out cross-
validation strategy to assess the performance of different methods. Specifically,
one site is used as the test domain for fine-tuning, while the remaining sites
are used as the training domains for distillation. To evaluate the performance,
four evaluation metrics are used: accuracy (ACC), sensitivity (SEN), specificity
(SPE), and area under the receiver operating characteristic curve (AUC).

3.2 Results Analysis

From Table 1, we observe that URLCF outperforms all baseline methods. Specif-
ically, under the five-shot setting, the ACC of URLCF reaches 75.48%, which
is 4.39% higher compared to the suboptimal method and 13.31% higher com-
pared to the classic meta-learning method (MAML). Notably, even under the
zero-shot setting, URLCF achieves an ACC of 72.72%, which still exceeds the
domain adaptation method DVAE (71.09%), demonstrating exceptional gener-
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(a) Top 10 brain FC patterns (c) t-SNE visualization of features(b) Statistical analysis of these patterns
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Fig. 2. Visualization of the learned features by our URLCF.

alization ability to unseen domains. These significant improvements validate our
core contributions: 1) The framework effectively captures universal representa-
tions from multiple source sites; 2) The few-shot adaptation effectively mitigates
the domain bias, enabling precise diagnosis even with limited target data.

3.3 Ablation Study

Three variants of the URLCF model are constructed to assess the role of the
key modules: URLCF w/o MR, removing the masked reconstruction for feature
alignment; URLCF w/o D, removing the conditional domain discriminator; and
URLCF w/o wi, removing the confidence weights for the distillation stage.

As shown in Table 2, removing MR significantly reduces performance, in-
dicating that teacher-guided feature recovery is crucial for learning universal
representations. Without D, the model’s performance also decreases, suggest-
ing that domain alignment effectively mitigates site heterogeneity. Moreover,
removing wi negatively impacts the model. This demonstrates the vital role of
confidence weights in the distillation stage. The ablation experiments show that
each module actively contributes to its overall performance.

3.4 Visualization Analysis

We analyze the top 10 selected FC patterns and conduct statistical comparisons
between the ASD and NC groups using a standard t-test algorithm. From Fig. 2
(a), we observe that these key FCs are mainly distributed in the frontoparietal,
temporal, and cerebellar regions, which is highly consistent with previous stud-
ies [6,17]. As shown in Fig. 2 (b), these FCs exhibit significant group differences
between ASD and NC, confirming them as reliable biomarkers. In addition, the
t-SNE visualization in Fig. 2 (c) demonstrates that the learned features effec-
tively separate ASD and NC subjects into clear clusters. These results validate
that our model captures highly interpretable biomarkers for ASD diagnosis [8].
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4 Conclusion

This study presents URLCF, a novel few-shot learning framework designed to
extract universal representations for cross-domain ASD detection. Our URLCF
learns universal representations by distilling knowledge from multiple teacher
models under masked generative alignment and performs lightweight few-shot
adaptation on a frozen student network. Extensive experimental results on the
ABIDE dataset demonstrate that URLCF outperforms existing methods in both
zero-shot and five-shot settings, indicating that the learned universal represen-
tations effectively enhance cross-site generalization.
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