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Abstract. Accurate brain segmentation across diverse atlas protocols
is essential for neuroimaging, yet it is hindered by the high cost of gen-
erating large-scale ground truth labels and the prohibitive overhead of
re-training models for new protocols. While vision foundation models of-
fer powerful representations, their seamless adaptation to 3D multi-atlas
segmentation in few-shot scenarios remains challenging. In this study,
we propose a unified few-shot framework that adapts large-scale vision
models to neuroimaging via an efficient "pre-train, fine-tune and in-
ference" paradigm. By coupling anatomically-prioritized self-supervision
with an O(N) Linear Transformer, our model learns a universal, seman-
tically consistent latent space for dense semantic label transfer. Instead
of exhaustive re-training, we introduce a "Lock-and-Finetune" strategy
that exclusively updates a lightweight refinement module to recover fine
structural boundaries. Experiments on the Human Connectome Project
(HCP) dataset show our approach achieves over 95% of fully supervised
nnU-Net performance using less than 5% of labeled data. Notably, the
model adapts to unseen atlases using only a few samples, providing an
efficient solution for neuroimaging segmentation.
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1 Introduction

Quantitative analysis of brain MRI serves as a cornerstone of modern neuro-
science and clinical neurology [1]. Accurate anatomical segmentation of brain
structures in structural T1-weighted (T1w) data is critical for disease diagnosis,
surgical planning, and longitudinal morphometry [2–4]. While atlas-based meth-
ods like FreeSurfer [5] have been the mainstream standard for decades, their
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reliance on iterative deformable models is slow and computationally expensive,
limiting their application in large-scale cohorts and real-time pipelines [6].

Deep learning methods, such as FastSurfer [7] and nnU-Net [8], have largely
accelerated the inference process, yet they still face challenges when handling
diverse protocols. SynthSeg [11] improves robustness to MRI contrast and res-
olution variations, but remains tied to a predefined anatomical label protocol.
Neuroimage segmentation relies on a vast array of brain atlases, each defined
by unique topological rules [9]. Adapting fully supervised models to a new atlas
requires constructing large-scale ground truth datasets [10] and incurring pro-
hibitive retraining costs, which severely bottlenecks large-scale, multi-protocol
neuroimaging analysis.

Vision foundation models such as SAM [12, 13] and DINO [14, 15] show pow-
erful 2D feature representation capabilities, offering a promising pathway to
break this bottleneck. For instance, MedDINOv3 [16] successfully adapted DI-
NOv3 for medical image segmentation through large-scale pre-training on 3.87
million CT slices. However, transferring 2D models to 3D neuroimaging faces a
dimension gap: slice-by-slice inference disrupts Z-axis spatial context and topo-
logical continuity, causing inconsistent inter-slice segmentations [17].

To address these challenges, we propose a 3D few-shot brain segmentation
framework that adapts vision foundation models to T1w images. Specifically,
our model utilizes an O(N) linear transformer matcher to efficiently propa-
gate anatomical labels from just a few support samples to query images via
dense voxel-wise correlation. To bridge the dimensional gap between 2D founda-
tion models and 3D neuroimaging, we integrate anatomically-prioritized spatial-
aware masked autoencoding (SA-MAE) with a 3D ConvNeXt Adapter. Finally,
to ensure practical multi-atlas deployment, our resource-efficient "Lock-and-
Finetune" strategy freezes the heavy backbone and matching networks to ex-
clusively update a lightweight Super-Resolution Refiner. This enables efficient
adaptation to unseen atlases using minimal labeled data under low computa-
tional overhead.

2 Methodology

2.1 Overall Architecture

To enable few-shot segmentation across diverse neuroimaging atlases, our frame-
work reformulates the task from atlas-specific voxel classification to a general-
izable cross-subject feature matching process (Fig. 1). The workflow operates
through three distinct phases:

1) Two-Stage Joint Pre-training: A 2D ConvNeXt encoder [18] first
learns 3D structural priors via Spatial-Aware MAE and semantic anchoring.
Subsequently, a 3D Adapter and a Linear Transformer Matcher are trained to
perform voxel-wise label transfer with O(N) complexity.

2) Resource-Efficient Fine-tuning: For a new atlas, the output channels
of the segmentation head inside the Super-Resolution Refiner are reset according
to the target label count, while the backbone and matcher remain frozen.
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Fig. 1. Overview of the proposed framework. (A) Training: Encompasses Stage I
(2.5D anatomical pre-training using SA-MAE and atlas anchoring) and Stage II (3D
matching training featuring the ConvNeXt Adapter, Linear Transformer Matcher, and
SR Refiner). (B) Finetuning: The "Lock-and-Finetune" strategy for rapid few-shot
atlas adaptation. (C) Inference: Gaussian-weighted volumetric inference for seamless
whole-brain segmentation.

3) Seamless Volumetric Inference: Finally, a Gaussian-weighted sliding
window scheme aggregates 3D patch predictions, eliminating stitching artifacts
and ensuring topologically consistent whole-brain parcellation.

2.2 Stage I: Anatomically-Prioritized Representation Learning

To internalize a generalized 3D brain topology, we pre-train a DINOv3-initialized
ConvNeXt encoder E equipped with an FPN neck.

Spatial-aware masked autoencoding (SA-MAE): We propose a 2.5D
neighborhood reconstruction task to instill volumetric awareness. Given a central
slice (75% masked), the model reconstructs a volumetric context X ∈ R7×H×W

comprising the target slice and its six immediate neighbors. The encoder receives
only the masked central slice as input; the six neighboring slices are used as
reconstruction targets rather than additional input channels. To preserve both
intensity fidelity and sharp boundaries, we employ a composite L1-SSIM loss:

Lrecon = λl1∥X −Xrec∥1 + λssim(1− SSIM(X,Xrec)) (1)

Anatomical anchoring: To supplement low-level textures with high-level
semantic partitions, an auxiliary segmentation head is trained on a reference
atlas. This anchors the latent space to neuroanatomical boundaries. The joint
objective for Stage I is:

Lpre = Lrecon + λseg

∑
LCE(Yatlas, Patlas) (2)
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where LCE is the Cross-Entropy loss between logits Patlas and ground truth
Yatlas. This synergy ensures the encoder captures fine-grained textures alongside
global 3D consistency.

2.3 Stage II: 3D Associative Matching for Label Transfer

In the second stage, we freeze the pre-trained encoder E and introduce an as-
sociative matching network designed for cross-subject label transfer. Given a
support image Xs with its corresponding label mask Ys, and a query image
Xq, the network learns to propagate anatomical semantics through voxel-wise
correlation.

3D feature adaptation: To bridge the dimensional gap, a 3D ConvNeXt
Adapter projects multi-scale 2D features into unified volumetric embeddings
Fs and Fq. By employing large-kernel 3D depth-wise convolutions (3 × 7 × 7)
and LayerNorm, the module captures long-range spatial dependencies along the
depth axis, effectively converting pseudo-3D features from Stage I into true 3D
representations.

Linear transformer for dense matching: To overcome the O(N2) com-
plexity of standard 3D attention, we employ a Linear Transformer (O(N) com-
plexity) for dense voxel-wise matching. Support labels Ys are encoded via a
lightweight CNN Emask and fused with support features Fs. With learnable 3D
positional embeddings P , the matching memory and target are defined as:

Mem = Fs + Emask(Ys) + P, Tgt = Fq + P (3)

To formulate the associative matching mechanism, the query (Q) is derived from
the target volume, while the keys (K) and values (V ) are constructed from the
support memory (i.e., Q = Tgt, and K = V = Mem). The matching process
utilizes a kernel-based approximation to decompose the standard softmax com-
putation. For the i-th query token, the attention is computed as:

Attn(Q,K, V )i =
ϕ(Qi)

∑M
j=1(ϕ(Kj)

⊤Vj)

ϕ(Qi)
∑M

j=1 ϕ(Kj)⊤
(4)

where i and j index the spatial tokens of the query and memory volumes respec-
tively, M denotes the total number of memory tokens, and ϕ(x) = ELU(x) + 1
serves as the positive feature map. This associative mechanism allows the query
features to efficiently retrieve anatomical semantics from the support memory,
yielding a densely matched feature volume Fmatched.

Image-guided super-resolution refinement: To restore boundaries lost
during low-resolution matching (1/4 scale), the Super-Resolution Refinement
Module upsamples Fmatched via trilinear interpolation and 3D residual blocks.
We fuse these features with the raw high-resolution MRI Xq through channel
concatenation. This leverages high-frequency structural signals from the origi-
nal image to guide fine-grained boundary delineation for the final high-fidelity
segmentation Yq. Since the segmentation head resides in the SR Refiner, varying
target label counts only affect this lightweight head, keeping the backbone and
matcher frozen.
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2.4 Efficient Atlas Adaptation via "Lock-and-Finetune"

To bridge the gap between experimental models and practical deployment, we
design a resource-efficient adaptation strategy and a seamless volumetric recon-
struction scheme.

We propose a "Lock-and-Finetune" strategy for rapid adaptation. By freezing
the pre-trained backbone and matcher to preserve anatomical priors, we update
only the lightweight Super-Resolution Refiner using a few annotated samples
to calibrate local boundaries. This adaptation is computationally efficient, re-
quiring about 0.3 h and 4 GB GPU memory on an RTX 3090, compared with
approximately 2 h and 22 GB for nnU-Net adaptation.

2.5 Volumetric Inference

For whole-brain parcellation, we adopt a patch-based sliding window approach.
To eliminate stitching artifacts, a Gaussian-weighted accumulation scheme is
applied, where overlapping predictions ŷi are aggregated via: Yfinal = (

∑
wi ·

ŷi)/
∑

wi, with wi representing the Gaussian confidence weights. This ensures
global geometric consistency and suppresses edge uncertainties.

3 Experiments

3.1 Datasets and Evaluation Metrics

We evaluate our framework on the HCP 3T structural preprocessed dataset [19].
All anatomical labels are standardized via the FreeSurfer pipeline. All meth-
ods are evaluated on the same HCP preprocessed data, with identical training
subjects and the same validation set (n=25), to ensure consistent comparison
across methods. Stage I uses the wmparc atlas (covering white matter, sub-
cortical structures, and Desikan-Killiany regions) [20] as the anatomical anchor.
Stage II incorporates ribbon, wmparc, and aparc segmentation atlases provided
in FreeSurfer to optimize the associative matching network for label transfer.
To assess robustness across varying anatomical granularities, we evaluate cross-
atlas adaptation in a coarse-to-fine manner: (1) the functional Yeo7 atlas (14
labels) [22]; (2) the aparc.a2009s+aseg protocol (148 labels) [21]; and (3) the
multi-modal HCP-MMP1 atlas (360 labels) [23]. This selection validates our
matching and refinement modules across a broad spectrum of label densities
and parcellation logic. Performance is quantified by the Dice Similarity Coeffi-
cient (DSC) to assess volumetric overlap.

3.2 Implementation and Baselines

We compare our framework against fully supervised baselines (nnU-Net, Med-
ical SAM2 [24], FastSurfer) using 100 subjects and few-shot models (SAM3-
Adapter [25], DSPNet [26]) using 5 subjects. Training (Stages I & II) is con-
ducted on four NVIDIA RTX 3090 GPUs using an AdamW optimizer (lr =
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Table 1. Quantitative comparison of segmentation performance (Dice Similarity Coef-
ficient) across validation atlases. Results are presented as mean (± standard deviation).
The number of training subjects is indicated in parentheses.

Fully Supervised (n = 100) Few-Shot (n = 5)
Task

nnU-Net Medical
SAM2

Fast-
Surfer nnU-Net Medical

SAM2
SAM3-
Adapter DSPNet Ours

aparc2009 (gm) 0.771
±0.009

0.744
±0.009

0.782
±0.010

0.448
±0.013

0.512
±0.012

0.693
±0.009

0.475
±0.020

0.758
±0.003

yeo7 0.819
±0.010

0.803
±0.008

0.807
±0.003

0.594
±0.011

0.549
±0.014

0.711
±0.004

0.610
±0.015

0.797
±0.004

hcpmmp1 0.651
±0.011

0.601
±0.013

0.643
±0.009

0.259
±0.017

0.390
±0.026

0.583
±0.009

0.378
±0.029

0.632
±0.005

aparc2009 (wm) 0.855
±0.002

0.849
±0.004

0.868
±0.003

0.791
±0.006

0.807
±0.007

0.809
±0.005

0.662
±0.008

0.864
±0.002

1 × 10−4, weight decay 0.05). Downstream adaptation follows our Lock-and-
Finetune strategy on a single RTX 3090, optimizing only the SR Refiner for
5 iterations. For the few-shot setting, nnU-Net and Medical SAM2 are trained
from scratch using the same five subjects, SAM3-Adapter follows its pretrain-
finetune protocol, and DSPNet is evaluated without pretraining as its framework
does not support it.

3.3 Quantitative Results and Analysis

Table 1 presents the quantitative evaluation results across the validation atlases.
Here, we separately report the gray-matter and white-matter components of the
aparc.a2009s+aseg atlas as aparc2009 (gm) and aparc2009 (wm), respectively.
Under the restricted 5-subject few-shot setting, standard methods such as nnU-
Net and Medical SAM2 exhibit substantial performance degradation. In contrast,
our framework maintains high segmentation accuracy, a stability primarily at-
tributed to the strong structural priors embedded by Stage I Anatomical An-
choring and Stage II Associative Matching. Additionally, pretraining nnU-Net
on aparc and fine-tuning its final layer for each target atlas yields Dice scores of
0.704 on Yeo7 and 0.471 on HCP-MMP1, compared with 0.797 and 0.632 from
our method.

Furthermore, utilizing data from only 5 subjects, our method achieves per-
formance comparable to fully supervised baselines trained on 100 subjects. On
structurally complex atlases like HCP-MMP1 and aparc.a2009s+aseg, the per-
formance gap with the 100-subject nnU-Net is marginal. This indicates that
the Super-Resolution Refiner effectively leverages high-frequency MRI signals
to mitigate the absence of large-scale annotated data. The consistent accuracy
on atlases unseen during pre-training (Yeo7 and HCP-MMP1) further demon-
strates effective cross-atlas adaptation under an anatomical-prior and limited-
annotation setting.
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Fig. 2. Qualitative comparison of segmentation results. Compared to fully supervised
nnU-Net (100 subjects) and few-shot SAM3-Adapter (5 subjects), our method (5 sub-
jects) demonstrates superior topological consistency and precise boundary delineation
across diverse atlas tasks, closely approximating the manual ground truth.

The visual comparisons in Fig. 2 further corroborate the robust performance
of our framework. Under the limited data setting of only 5 subjects, the SAM3-
Adapter frequently yields fragmented predictions or fails to capture complex
cortical folding patterns. In contrast, our method maintains high topological
consistency. Even when relying on merely 5 support samples, the masks gener-
ated by our framework are visually comparable to the ground truth.

Specifically, in the cortical (aparc.a2009s) and multi-modal (HCP-MMP1)
tasks, our model successfully delineates narrow gyri and sulci. This high level
of precision is directly attributed to the Super-Resolution Refinement module.
Furthermore, the consistent performance across functional (Yeo7) and structural
(white matter) tasks suggests that the Linear Transformer Matcher learns stable
cross-atlas anatomical correspondences.

3.4 Qualitative Feature Analysis and Interpretability

To evaluate the representation power of our pre-trained encoder, we visualize
the latent space using UMAP [27]. High-dimensional features from unseen MRI
slices are projected into a 3D RGB space.

As shown in Fig. 3, the pseudo-color maps exhibit semantic consistency:
voxels belonging to similar anatomical structures are mapped to coherent color
manifolds without target-atlas fine-tuning, while Stage I anchor-atlas supervision
shapes the feature space. This suggests that raw signals have been effectively
mapped onto a manifold characterized by neuroanatomical semantics. Second,
the sharp color transitions at tissue interfaces reflect the model’s exceptional
High-Fidelity Boundary Preservation, qualitatively validating the effectiveness of
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Fig. 3. UMAP feature-space visualization of the pre-trained encoder mapped to RGB
channels. The learned latent space exhibits semantic consistency, sharp anatomical
boundaries, and 3D topology awareness prior to target-atlas fine-tuning.

the SA-MAE objective and SSIM loss in capturing high-frequency morphological
details. Furthermore, the feature maps display a spatial hierarchy that aligns
closely with known 3D brain topology. This Anatomical Topology Awareness
indicates that the Anatomical Anchoring in Stage I has successfully internalized
generalized neuroanatomical priors within the backbone.

3.5 Ablation Study

To investigate the specific contributions of each core component within our
framework, we conducted ablation experiments on the aparc.a2009s+aseg vali-
dation set, with the results detailed in Table 2.

Table 2. Ablation study of the proposed components on the validation set. Metrics
are reported as Mean (± SD). The best results are highlighted in bold.

Method Dice ↑ HD95 (mm) ↓
Our Full Method 0.758 ± 0.0031 1.9916 ± 0.12

w/o Anatomical Anchoring 0.704 ± 0.0047 2.3870 ± 0.14
w/o 3D ConvNeXt Adapter 0.719 ± 0.0053 2.4190 ± 0.15

w/o Super-Resolution Refinement 0.733 ± 0.0051 2.6310 ± 0.14

Anatomical Anchoring (Stage I): Replacing pure reconstruction with atlas-
based auxiliary supervision yielded a significant performance gain. This confirms
that explicit structural priors are essential for aligning the latent space with
biological boundaries, especially in low-contrast regions.

3D ConvNeXt Adapter: Substituting 2D feature stacking with our 3D Adapter
substantially improved the Dice score. The 3×7×7 depthwise convolutions effec-
tively capture inter-slice dependencies, proving that dedicated cross-dimensional
projection is critical for maintaining 3D spatial continuity.

Super-Resolution Refinement: Fusing matched features with raw MRI signals
in the SR Refiner dramatically reduces HD95, recovering fine structural bound-
aries lost during downsampled matching. Furthermore, ablations on Yeo7/HCP-
MMP1 show that removing Stage-I anatomical supervision, Stage-I reconstruc-
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tion, or the Stage-II matcher decreases Dice from 0.79/0.63 to 0.76/0.55, 0.63/0.47,
and 0.71/0.42, respectively. These results support Lock-and-Finetune as a prac-
tical trade-off between accuracy and computational cost for few-shot adaptation.

4 Conclusion

In this paper, we present a unified few-shot framework for multi-atlas neu-
roimaging segmentation that combines anatomical feature anchoring, efficient
cross-dimensional matching, and lightweight target-atlas adaptation. Experi-
ments across atlases of varying granularity show that the proposed approach
alleviates the dependence on large-scale annotations and reduces retraining costs
for new parcellation protocols, establishing a highly efficient paradigm for foun-
dation model adaptation in neuroimaging research.
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