MICCAI

Brain-Specialized Self-Supervised Learning:
Neuroanatomy-Aware Spatial Priors for 3D Brain MRI

Kyeong Ho Kim !, Minkyeong Kwon ! ¥, Yu-Mi Kim 2, Mi Kyung Kim 2, Min-Ho
Shin 3, Insung Chung *, Sang Baek Koh 3, Hyeon Chang Kim ¢ and Jong-Min Lee """

! Department of Artificial Intelligence, Hanyang University, Seoul, Republic of Korea
2 Department of Preventive Medicine, Hanyang University College of Medicine, Seoul, Re-
public of Korea
3 Department of Preventive Medicine, Chonnam National University Medical School,
Gwangju, Republic of Korea
4 Department of Occupational and Environmental Medicine, Keimyung University School
of Medicine, Daegu, Republic of Korea
3 Department of Preventive Medicine and Institute of Occupational Medicine, Yonsei
Wonju College of Medicine, Wonju, Republic of Korea
6 Department of Preventive Medicine, Yonsei University College of Medicine, Seoul, Re-
public of Korea
7 Department of Biomedical Engineering, Hanyang University, Seoul, Republic of Korea
ljm@hanyang.ac.kr
* Corresponding author, T These authors contributed equally. Shared first authorship

Abstract. Self-supervised learning enables pretraining on large unlabeled 3D
brain MRI cohorts. However, many objectives are adapted from natural images
and underuse neuroanatomical spatial structure. We build on an iBOT-style
teacher—student 3D vision transformer (ViT) with an exponential moving aver-
age (EMA) teacher. We align masked token representations in latent space. We
also learn subject-level discrimination from classification tokens (CLS). To inject
spatial priors, we propose distance-modulated patch decorrelation. It suppresses
spurious similarity more for far-apart patches. It remains tolerant to nearby re-
gions. We pretrain on 6,811 unlabeled T1-weighted scans from five independent
cohorts. These cohorts do not overlap with the downstream datasets. We evaluate
transfer on AD-related classification using the Alzheimer’s Disease Neuroimag-
ing Initiative (ADNI) and Open Access Series of Imaging Studies 3 (OASIS-3),
with AD vs. NC evaluated on both datasets and MCI vs. NC evaluated on ADNI
only. We also test tumor grading on Brain Tumor Segmentation (BraTS). Beyond
downstream metrics, we analyze distance-dependent patch similarity. We also
explain why region of interest (ROI)-based priors can be unreliable at our patch
granularity.

Keywords: Self-supervised learning, 3D brain MRI, Masked image modeling,
Contrastive learning, Distance-modulated patch decorrelation.
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1 Introduction

Deep neural networks are now routinely used in neuroimaging pipelines, but perfor-
mance in many clinical and research settings is still constrained by the limited scale of
reliably labeled 3D MRI cohorts [1, 2]. Manual annotation for volumetric scans is re-
source-intensive and difficult to standardize across sites, whereas unlabeled acquisi-
tions can often be aggregated at much larger scale [3]. This imbalance has accelerated
interest in self-supervised learning (SSL) as a label-efficient route to transferable MRI
representations [4].

Most SSL recipes in vision fall into two complementary objectives: masked predic-
tion, which learns from partial observation, and instance-level discrimination, which
promotes separability across samples [5-7]. Masked image modeling (MIM) scales well
with transformer encoders by predicting masked targets from visible context [5, 6]. In
parallel, contrastive or bootstrapping-based methods learn invariances by aligning rep-
resentations across views while avoiding collapse, using explicit negatives (e.g., In-
foNCE) or momentum-teacher self-distillation [7-10]. Hybrid teacher—student formu-
lations extend these ideas to token-level objectives, unifying masked token learning and
global discrimination [11].

A key limitation is that these formulations were largely optimized for natural-image
statistics and are often applied to brain MRI without objectives that explicitly reflect
neuroanatomical structure [4, 12]. Brain MRI has weaker texture cues and a highly
regular anatomical layout. As a result, patch tokens from distinct locations can be vis-
ually and statistically similar, reducing patch distinctiveness and hindering patch-cen-
tric SSL training [12, 13]. This motivates SSL objectives that incorporate spatial organ-
ization as an inductive bias rather than treating patch tokens as exchangeable.

We propose a brain-tailored hybrid SSL framework built on an iBOT-style teacher—
student transformer with an EMA teacher [9-11]. Our method integrates latent-space
masked token alignment and subject-level global discrimination and introduces a spa-
tially grounded patch objective. Instead of pixel-space reconstruction with a heavy de-
coder, we align masked token representations directly in latent space [5, 11]. We apply
an InfoNCE-style loss to CLS tokens to improve subject-level separability [7]. To ad-
dress low patch distinctiveness in brain MRI, we further introduce a distance-modulated
patch decorrelation term that penalizes excessive similarity more strongly for spatially
distant patches [14-17].

In summary, we propose a brain-specific hybrid teacher—student SSL framework that
combines latent masked token alignment, global discrimination, and a spatially
grounded patch objective. Our key contribution is a distance-modulated patch decorre-
lation prior that exploits 3D spatial organization to encourage distance-aware patch rep-
resentations and support downstream transfer in task-dependent settings.

2 Related Work

2.1  SSL for vision transformers and volumetric imaging
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Masked image modeling (e.g., MAE, SimMIM) is a strong baseline for transformer
pretraining and transfers well to downstream tasks [5, 6]. Self-distillation methods (e.g.,
BYOL, DINO) learn invariances via momentum teachers without explicit negatives,
while InfoNCE-based contrastive learning remains influential for instance discrimina-
tion [7, 9, 10]. Hybrid teacher—student approaches such as iBOT unify masked token
learning with global alignment and have been adapted to volumetric inputs for medical
imaging SSL [4, 11, 12]. Despite these advances, objectives optimized for natural im-
ages may be insufficient to capture neuroimaging properties [4, 12, 13].

2.2 Spatial priors and anatomical constraints

Neuroimaging studies often exploit spatial organization, and distance-dependent struc-
ture has been reported in brain connectivity and organization [16, 17]. ROI atlases (e.g.,
AAL, Desikan—Killiany) provide standardized partitions, but patch-level ROI supervi-
sion can be ambiguous due to tissue mixing and partial-volume effects at common patch
granularities [18-20]. Accordingly, we study two forms of anatomical priors. We pro-
pose a distance-modulated patch decorrelation prior as the main approach, while ROI-
based priors serve as an alternative evaluated for comparison.

3 Method
3.1  Overview
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Fig. 1. Overview of our teacher—student SSL pretraining for unlabeled 3D T1 MRI. The student
encoder receives a masked token sequence, while an EMA teacher processes an unmasked view.
Training combines latent masked token alignment (L,,4), CLS token contrastive discrimination
(L), and a spatial objective (Lg;s or L,;).

As illustrated in Fig. 1, given an unlabeled 3D T1-weighted MRI volume x € RH*W>D
we pretrain a vision transformer in a teacher—student framework [9-11]. The teacher
processes an unmasked view, while the student receives a masked view. Pretraining
optimizes (i) latent masked token alignment in latent space (without pixel reconstruc-
tion) [5, 6, 11], (i) InfoNCE-based subject-level discrimination on CLS tokens [7], and
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(iii) a spatial objective via distance-aware spatial prior or ROI-based similarity regres-
sion.

3.2 SSL for vision transformers and volumetric imaging

We partition the input volume into non-overlapping 3D patches and embed them into a
token sequence:

Zg = [Zas Z15 - 52Zn] + D

where Z is a learnable global token, p is a positional embedding, and N is the number
of patches. We denote the student encoder as f;(-) and the teacher encoder as f;(-). The
teacher parameters are updated by EMA:

0, <10, + (1 —1)6b,,

where T € (0,1) is the momentum coefficient [9—11]. For the student view, a subset of
patch tokens is masked at ratio rand replaced with a learnable [MASK] token.

3.3  Projection heads

Let h® € RWV+D*C and ht be student/teacher outputs. We apply a projector g(+) and a
student-side predictor q(-), followed by normalization:

ut = norm(g(h")),u® = norm(q(g(h®))).

Teacher gradients are stopped, as in momentum-teacher self-distillation [9-11].

3.4  Objectives

Latent masked token alignment. Let M be masked patch indices. We match student
and teacher representations for masked tokens in latent space:

1
L. =—Z Ilus — sg(ub) 12,
k |M |iEM i g( l) 2

where sg(+) is stop-gradient. This avoids pixel reconstruction while retaining masked
context learning [5, 6, 11].

CLS token contrastive discrimination. We apply an InfoNCE-style objective to CLS
embeddings. For batch size B, with normalized student/teacher CLS tokens ¢ and c:

B

1 exp ({cj,sg(c;))/T)
Ly=—= log 5 )
: B ; 2 ey €D (( 352(ci))/T)

where T is temperature [7].
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Spatially weighted decorrelation prior. To mitigate excessive similarity among patch
embeddings while respecting spatial structure, we penalize pairwise similarity with dis-
tance-dependent weights. Let ¥ be normalized student patch embeddings (excluding
CLS), and S;; = (ViS,V]-S). With normalized inter-patch distances d;; € [0,1] we use a
monotone weight w(d;;)defined as w(d;;) = d;;. We compute d;; as the Euclidean
distance between 3D patch-center coordinates and normalize it to [0,1] by dividing by
the maximum pairwise distance among patch centers within each volume. The distance-
modulated term is computed over all unique token pairs within each volume:

1
Ly, = —— E d..) S2.
dis N(N—l) £ W( l]) 17

This objective is related in spirit to redundancy-reduction regularizers (decorrelation)
but introduces explicit spatial modulation for brain MRI [14-17].

ROI similarity regression. Using a parcellation with K regions, we compute soft ROI
compositions r; € RX for each patch i from voxel-wise ROI fractions. We define ROI
affinity as A;; = (r;, r;) and regress feature similarity toward ROI similarity:

1
L =— E S.. —A..)2.
Toi N(N—l)_ ( ij l.])
i#j

We treat this ROI-based term as an alternative anatomical prior for comparison with
our main distance-modulated decorrelation prior [18-20].

35 Total loss

We use a short stabilization period where £,y dominates, then enable the global and
spatial terms. The final objective is:

L = Lmask + Aclchls + ASpLSp

where Ly, € Lyis, Ly

4 Experiments

4.1 Data

We pretrain on an unlabeled T1-weighted MRI corpus aggregated from five cohorts
(OASIS-1/2 [21], IXI, and two private cohorts; 6,811 volumes), with subject-level
deduplication and no overlap with downstream evaluation sets. Transferability is as-
sessed by fine-tuning on ADNI (NC/AD, NC/MCI) [22], OASIS-3 (NC/AD) [23], and
BraTS 2018 (high-grade glioma (HGG) vs. low-grade glioma (LGG)) [24]. All datasets
share a unified preprocessing pipeline and are resampled before patch tokenization.
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4.2  Baselines and evaluation protocol

We compare against supervised-from-scratch and backbone-matched SSL baselines
(MAE [5], SimMIM [6], iBOT [11]) using a common 3D ViT-style encoder, and in-
clude M3T [25] as a supervised baseline for AD classification. For all downstream tasks
in Sec. 4.1, we use subject-wise 5-fold cross-validation and report mean + std.

4.3 Implementation details

We pretrain a MONAI 3D ViT-B in a teacher—student setup with EMA momentum of
0.996 and a masking ratio of 0.75 for 600 epochs. After a 50 epoch MIM only warmup,
we add CLS contrastive learning and an additional spatial term (A _cls =1 and A sp =
1). Fine-tuning runs for 200 epochs with subject-wise 5-fold cross validation at 126°
input resolution, 14x14x14 patches, and a cosine annealing learning-rate schedule with
linear warmup. These settings were selected to follow standard MAE/iBOT style train-
ing practice and to balance spatial resolution, token length and computational cost. Alt-
hough we did not conduct an exhaustive sensitivity analysis over A_cls, A_sp and patch
size, a systematic investigation of these design choices would be valuable future work.

5 Results & Discussion
5.1  Overall performance across benchmarks

Table 1. Downstream performance (accuracy (ACC)/ area under the ROC curve (AUC), mean
+ std) on ADNI-AD/NC, ADNI-MCI/NC, OASIS-3, and BraTS.

Method — ADNIAD/NC _ ADNIMCINC OASIS-3 BraTs$ 2018

ACC  AUC ACC AUC ACC AUC ACC  AUC

virg 793 0.81 574 059 804 0.6l 733 0.58
(£2.6)  (£0.07) (#3.1)  (0.04) (#2.6) (£0.08) (£0.7) (£0.03)

MAT 880 092 606  0.65 823 078 687 065
(#1.1)  (#0.01) (£1.8) (£0.02) (£1.8) (£0.01) (#4.5 (20.13)

MAE 839 089 626 067 794 071 715 0.65
(#0.67) (£0.08) (£2.6) (20.02) (#2.3) (£0.03) (£4.3)  (+0.09)

Sim- 81.1 086 573 060 814 071 70.1 0.59
MIM  (#3.2)  (0.02) (£2.9) (£0.04) (£1.5) (20.06) (9.0) (20.12)

BOT 864 092 642 069 813 079 733 0.59
(#2.1)  (#0.01) (22.6) (£0.03) (£0.6) (£0.05) (+0.02) (0.13)

Ours 86.0 091 646 071 839 076 740  0.73
(£09) (#0.01) (#2.7) (£0.03) (£0.7) (£0.07) (+4.8) (20.06)

Table 1 summarizes downstream performance across four benchmarks. DIS does not
uniformly outperform iBOT across all tasks. In particular, on ADNI-AD/NC, perfor-
mance is comparable but not improved over iBOT, likely because AD/NC separation
is relatively clearer and strong baselines already perform well. In contrast, DIS shows
gains on ADNI-MCI/NC and BraTS 2018, where disease cues may be more subtle,
spatially distributed, or heterogeneous. Overall, these results suggest that DIS provides
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task-dependent benefits rather than uniform improvements across benchmarks, with
greater advantages in tasks that require modeling complex spatial disease patterns.

5.2 Ablation study: contribution of each objective

Table 2. Ablation of the pretraining objectives (Lyass Leiss Lais» and Ly.,;) evaluated by down-
stream ACC/AUC (mean * std) on ADNI-AD/NC, ADNI-MCI/NC, and OASIS-3.

ADNI AD/NC ADNI MCI/NC OASIS-3
ACC AUC ACC AUC ACC AUC
79.3 0.81 57.4 0.59 80.4 0.61

Lmask Lcls Ldis Lrni

X XX X 06 (0.07) @3.1) (:004) (£2.6) (0.08)
8.1 090 578 059 815  0.74

0 XX X 413) @009) (#2.6) (£0.04) (332) (£0.05)
8.3 091 631 069 810 076

0 O X X Gi1) @001) E21) (#0.02) (:19) (:0.04)
o o o x 560 091 646 071 89 076

(+09) (*001) (£2.7) (£0.03) (+0.7) (+0.07)
o o x o 83 08 6Ll 064 812 0.6

(#1.6)  (£0.00) (£2.0) (20.01) (£1.2) (+0.08)

Table 2 reports a progressive ablation study. We use the masked token objective as the
base pretext task, then add the CLS objective and either the proposed distance-modu-
lated spatial prior or the ROI-based prior. Adding CLS improves transfer, while adding
DIS further improves ADNI-MCI/NC and OASIS-3 accuracy compared with the CLS-
only variant, although gains are not uniform across all metrics. In contrast, the ROI-
based prior degrades performance, likely because patch-level ROI targets are noisy at
our token granularity.

5.3  Representation analysis: distance-dependent patch similarity

A Average Patch Feature Similarity vs. Patch Distance (Bin size =2.0) B Average Patch Feature Similarity vs. Patch Distance (Bin size = 2.0)

101 =~ DIs similarity

Average cosine similarity

2 0 7 00 125 150 155 200 2 50 7 00 125 150 15 200
Patch distance (binned) Patch distance (binned)

Fig. 2. (A) DIS vs. CLS-only. (B) DIS vs. ROI within typical intra-brain distances. Cosine simi-
larity between patch embeddings as a function of 3D inter-patch distance.

As shown in Fig. 2A, DIS yields a steeper decay of patch similarity with increasing 3D
distance than CLS-only. This indicates clearer separation of distant anatomy.

At very large distances, both objectives can exhibit spuriously high similarity. We
attribute this behavior to background-dominated corner patches. We therefore focus on
typical intra-brain distance ranges to mitigate such artifacts.
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Fig. 2B further compares DIS with the ROI-based prior within this regime. ROI ap-
pears to induce more sharply separated patch embeddings in the similarity plot. How-
ever, this does not translate into improved downstream performance and even degrades
it (Table 2). This discrepancy suggests a mismatch between atlas-level ROI-based pri-
ors and the requirements of our self-supervised pretraining objective. We analyze this
issue in Sec. 5.4.

5.4  Why ROI-based priors fail at the chosen patch granularity

00 02 04 06 08 10 00 02 04 06 08 10

Patch purity (majority label ratio) Patch purity (1 - normalized entropy)

Fig. 3. Patch-level ROI purity for 14x14x14 tokens (majority ROI fraction and entropy), showing
many mixed-region patches and noisy ROI-based prior.

To explain why ROI-based priors degrade downstream performance (Table 2), we ex-
amine the quality of ROI supervision at our token granularity. With 14x14x14 patches,
many tokens span multiple anatomical regions. Consequently, voxel-derived ROI soft
targets become ambiguous.

Fig. 3 confirms low ROI purity for a large fraction of patches. Specifically, many
patches show a low majority ROI fraction and high entropy, indicating substantial label
noise. Moreover, this supervision imposes rigid, atlas-level constraints that are often
misaligned with mixed-region tokens. As a result, it interferes with transferable repre-
sentation learning and leads to performance drops.

6 Conclusion

We present a teacher—student SSL framework for 3D brain MRI that combines masked
latent-token alignment and subject-level discrimination with a lightweight distance-
modulated decorrelation prior. Across the evaluated benchmarks, DIS shows task-de-
pendent transfer benefits, with gains on ADNI-MCI/NC and BraTS, and yields a more
distance-structured organization of patch embeddings. Our findings suggest that inter-
patch distance provides an effective annotation-free spatial cue for scalable 3D MRI
pretraining, particularly when disease signals are subtle and distributed.
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