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Abstract

Anomaly detection and classification in medical
imaging are critical for early diagnosis but remain
challenging due to limited annotated data, class im-
balance, and the high cost of expert labeling. Emerg-
ing vision foundation models such as DINOv2, pre-
trained on extensive, unlabeled datasets, offer gen-
eralized representations that can potentially allevi-
ate these limitations. In this study, we propose an
attention-based global aggregation framework tai-
lored specifically for 3D medical image anomaly
classification. Leveraging the self-supervised DI-
NOv2 model as a pretrained feature extractor, our
method processes individual 2D axial slices of brain
MRIs, assigning adaptive slice-level importance
weights through a soft attention mechanism. To fur-
ther address data scarcity, we employ a compos-
ite loss function combining supervised contrastive
learning with class-variance regularization, enhanc-
ing inter-class separability and intra-class consis-
tency. We validate our framework on the ADNI
dataset and an institutional multi-class headache co-
hort, demonstrating strong anomaly classification
performance despite limited data availability and
significant class imbalance. Our results highlight the
efficacy of utilizing pretrained 2D foundation mod-
els combined with attention-based slice aggregation
for robust volumetric anomaly detection in medical
imaging. Our implementation is publicly available
at https://github.com/Rafsani/DinoAtten3D. git.

1. Introduction

Anomaly detection and classification in medical
imaging pose significant challenges due to data
scarcity and the high cost associated with obtaining
expert annotations. Traditionally, supervised meth-
ods have been widely adopted, but these approaches
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demand extensive labeled datasets and are suscepti-
ble to overfitting, especially in scenarios character-
ized by class imbalance and limited sample sizes.
Consequently, unsupervised methods have emerged
as alternative solutions, employing reconstruction-
based frameworks utilizing generative adversarial
networks (e.g., HealthyGAN [30], Brainomaly [34],
f-AnoGAN [32]) or diffusion models (e.g., AnoD-
DPM [39], AnoFPDM [6]). These unsupervised
methods reconstruct healthy versions of potentially
anomalous images and detect anomalies through de-
viations, yet they may also suffer from overfitting due
to limited healthy training data, hindering generaliza-
tion and performance [36, 41].

The recent rise of large-scale foundation models
offers a potential remedy to these fundamental lim-
itations. Models such as GPT [28], CLIP [29], and
DINOvV2 [26] achieve remarkable performance by
extensively pretraining on large and heterogeneous
datasets, thus effectively internalizing broad statisti-
cal regularities across language and vision modali-
ties [37]. These foundation models exhibit emergent
in-context learning abilities, enabling effective zero-
or few-shot learning by leveraging generalized latent
representations [2, 20].

In medical imaging, multimodal foundation mod-
els rely on paired image-text data. However, produc-
ing high-quality clinical captions is often impracti-
cal and laborious. This has motivated the develop-
ment of vision-only models pretrained exclusively
on medical imaging data. DINOvV2 exemplifies this
paradigm, demonstrating robust generalization as a
feature extractor across diverse vision tasks, includ-
ing medical imaging data [1].

Despite these advantages, foundation models like
DINOV2 are inherently designed for 2D image pro-
cessing and cannot natively handle volumetric med-
ical images such as 3D MRI scans that are ubiqui-
tous in clinical practice. Slice-based methods have



therefore been proposed, independently processing
2D slices from volumetric data. Additionally, multi-
instance learning (MIL) approaches, traditionally ap-
plied to high-dimensional data like whole-slide im-
ages (WSIs), segment large images into smaller in-
stances or patches [4, 14, 40]. While effective in
identifying local discriminative regions, traditional
MIL methods may overlook broader spatially dis-
tributed pathological features across multiple slices
that are essential for accurate diagnosis [21, 40].

To address these limitations, we propose a
DINOv2-based soft attention-driven global aggrega-
tion approach tailored specifically for 3D medical
imaging (DinoAtten3D) that overcomes the inherent
dimensionality constraints of 2D foundation mod-
els. It leverages DINOv2’s rich embeddings from
axial slices of 3D MRI volumes and introduces a soft
attention mechanism that adaptively weighs whole-
slice (instead of patch) embeddings based on their
diagnostic relevance. By emphasizing diagnosti-
cally significant slices, our approach efficiently cap-
tures both focal and distributed pathological patterns,
bridging the gap between the inherent 2D capabili-
ties of DINOv2 and the volumetric nature of medical
imaging, without relying on computationally inten-
sive 3D models that are often impractical for clinical
deployment. In summary, our main contributions in-
clude:

We propose a global attention-based aggregation
framework for 3D medical imaging that adaptively
fuses slice-level embeddings from all 2D slices via
soft attention pooling. This highlights the most in-
formative slices while retaining distributed patho-
logical cues, enabling volumetric classification us-
ing lightweight 2D backbones such as DINOv2,
without the computational overhead of fully 3D ar-
chitectures.

We validate our approach on two real-world clin-
ical cohorts: Alzheimer’s Disease Neuroimaging
Initiative (ADNI) MRI and a multi-class headache
cohort, showing strong anomaly classification per-
formance even under severe data scarcity and class
imbalance.

Beyond differentiating unhealthy from healthy
samples, our framework also achieves promising
results in distinguishing between different patho-
logical subtypes, demonstrating its broader utility
for downstream clinical analyses.

2. Related Works

Anomaly detection in medical imaging has garnered
significant research attention, leading to a wide range
of methodologies for identifying pathological devi-
ations [35]. Early work focused primarily on su-
pervised learning approaches, particularly Convolu-
tional Neural Networks (CNNs), which are trained
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using annotated datasets to learn discriminative rep-
resentations of anomalies [10, 12, 15, 16, 18, 23, 27,
31, 33]. While CNN-based models have achieved
success in both classification and segmentation tasks,
their reliance on large, expert-labeled datasets poses
significant challenges given the high cost and labor
intensity of medical image annotation.

To alleviate the annotation bottleneck, unsuper-
vised and self-supervised approaches have emerged.
For example, Reconstruction-based anomaly detec-
tion methods leverage healthy images to learn nor-
mative distributions, flagging deviations at inference
as potential anomalies. Generative adversarial net-
works (GANSs), such as f-AnoGAN [32], Braino-
maly [34], and HealthyGAN [30], generate healthy
counterfactuals of test images to detect anomalies.
More recently, diffusion-based methods [6, 11, 24,
39] have gained traction due to superior genera-
tive performance; however, these models still require
substantial amounts of healthy training data, and ef-
forts are still being made to address this issue with
these models [9, 17, 38].

Medical imaging data are often high-dimensional
and can possess complex three-dimensional struc-
tures, as seen in modalities such as MRI and CT.
Whole Slide Images (WSIs), commonly used in
cancer diagnosis, are particularly large and high-
resolution. To efficiently process these data, patch-
based training strategies and instance-based learning
methods are frequently employed [7, 21]. In this
context, multi-instance learning (MIL) has become
a popular paradigm, especially in digital pathol-
ogy and large-scale medical image analysis [4, 14,
21, 40]. Traditional MIL approaches divide im-
ages into patches or instances and use aggregation
strategies such as max-pooling, mean-pooling, or
attention pooling to generate bag-level predictions
from instance-level features [5]. Attention-based
MIL [14] is particularly effective, as it enables the
model to learn which regions are most informa-
tive for downstream tasks. These methods, how-
ever, often focus on local or spatially sparse re-
gions (e.g., tumor), which may not capture global or
distributed pathological patterns, especially in volu-
metric imaging where relevant features may be dis-
tributed across multiple slices [8]. And, later, is
particularly true to some neurodegenerative diseases
such as Alzheimer’s and headaches.

To address class imbalance in anomaly detection
and enhance representation learning in MIL frame-
works, recent works such as SC-MIL (Supervised
Contrastive Multiple Instance Learning) [19] have
introduced supervised contrastive loss to promote
more discriminative and robust bag-level embed-
dings. SC-MIL is particularly relevant as it addresses
the challenge of imbalanced classification, a com-



mon issue in medical imaging, and forms a strong
baseline for our work due to its close methodological
proximity to our approach, differing mainly in its use
of local instance aggregation compared to our pro-
posed global attention-based aggregation strategy.

Amidst these developments, foundation mod-
els have demonstrated remarkable generalizability
across diverse vision and language tasks by lever-
aging large-scale pretraining [42]. However, de-
veloping foundation models specifically for medi-
cal imaging remains challenging due to data scarcity
and the cost of collecting paired image-text data.
Vision-language foundation models such as BioMed-
CLIP [43] and MedSAM [22] leverage contrastive
learning and prompts. Researchers are increasingly
exploring vision-only models pretrained on natu-
ral images for medical imaging tasks [13]. Recent
work has shown that DINOvV2, a self-supervised vi-
sion transformer pretrained on large natural image
datasets, provides robust and transferable feature rep-
resentations, outperforming other pre-trained models
in medical image classification [1, 26]. While DI-
NOV2 is inherently 2D, its strong feature extraction
capabilities make it an attractive choice for 3D med-
ical imaging when paired with effective aggregation
strategies.

In summary, our approach is motivated by (1) the
proven effectiveness of attention pooling for large-
scale and high-dimensional medical image analy-
sis, (2) recent advances in supervised contrastive
learning for imbalanced classification as exempli-
fied by SC-MIL, and (3) the demonstrated gener-
alizability of foundation models such as DINOv2
as feature extractors. Our approach contrasts with
conventional local/instance-level MIL by proposing
a global, attention-driven aggregation of slice-level
DINOv2 embeddings that is specifically designed to
address the different challenges of 3D medical im-
ages like brain MRL

3. Method

In this section, we present the training procedure
of the model and the architecture of the attention
pooling-based 3D brain MRI classification task.

3.1. The Model Architecture: DinoAtten3D

The DinoAtten3D comprises a pre-trained feature
extractor, an attention-pooled weighted aggregation
block, and an MLP (Multi-Layer Perceptron) on top
of the attention block. The full overview of the
method is presented in Figure 1. The foundation
model, DinoV2, trained through a self-supervised
process, is used on 2D slices of the MRI volume
to extract rich embeddings for each slice. Later,
these 2D slice embeddings are given an attention
score, further explained in section 3.1.2. The cu-

mulative weighted embeddings are then used to train
a classifier. The training process employs a cus-
tom loss function that combines cross-entropy loss,
contrastive loss, and a class variance loss (see sec-
tion 3.2) to effectively learn from a relatively small
dataset. While cross-entropy loss guides the model
to correctly classify samples based on ground truth
labels, it alone may not be sufficient to capture sub-
tle intra-class variations or enhance feature separabil-
ity, particularly in low-data regimes. To address this,
contrastive loss is integrated to encourage the model
to learn discriminative representations by pulling to-
gether embeddings of samples from the same class
and pushing apart those from different classes in the
feature space. Additionally, the class variance loss is
introduced to minimize the intra-class variance, en-
suring that embeddings of samples within the same
class remain compact.

3.1.1. 2D Feature Extraction via Frozen DinoV2

Let a 3D MRI volume be represented by an ordered
set of N axial slices, where S represents the set of
slices for each 3D MRI volume.

S={8; e ROV -1 . . N}

Each slice S} is passed through the pretrained, frozen
DinoV2 backbone

,RCXHXW d
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where d = 384, producing per-slice embeddings.
In our work, we utilize the ViT-based backbone
of DINOv2 (often denoted ViT-S/14), which tok-
enizes each input slice into a sequence of 14 x 14
patches and projects them into a 384-dimensional la-
tent space. So
ZjZfDino(Sj)ERd, j=1,...,N.

3.1.2. Slice-Level Global Attention Aggregation

To aggregate the IV slice embeddings into a single
volume-level feature, we learn scalar attention scores
with a two-layer MLP:

ej = Wy tanh(Wz;)

with W; € R"*9, w, € R”. Attention weights are
then obtained via softmax:
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Figure 1. Overall architecture of the slice-based attention aggregation of 2D slice embeddings for 3D brain MRI

3.1.3. Embedding Head and Classification

The aggregated embedding z,,, is mapped to a
lower-dimensional embedding via a two-layer MLP.
Finally, a linear classifier produces logits for the bi-
nary classification.

3.2. Training Objective

Let hD = h® /|h(||, be the normalized embed-
ding for sample i in a batch of size B, and let 3(*)
be its class label. The overall loss combines three
terms: a standard cross-entropy loss on classifier log-
its, a supervised contrastive loss on embeddings, and
a within-class variance regularization.

Cross-Entropy Loss: Given predicted logits o) €
RY, the cross-entropy loss is:

B
1 .
Lo = -3 E log(softmax(o(l))y(i))-

i=1

Contrastive Loss: We compute pairwise similarities
between normalized embeddings:

LINORINO

T )
where 7 > 0 is a temperature parameter. Let P (i) be
the set of indices sharing the same label as sample 3.
The contrastive loss is:

B
contra = E gﬁ

exp Su)
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Within-Class Variance Loss: To encourage com-
pact clustering of same-class embeddings, we define
for each class c the centroid:

Zh()

1€,

C

where 7, contains the indices of samples with label
c. The variance loss is:
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Total Loss: The total objective combines the three
components:

£ = £CE + Econtra + /\ Evara

where we empirically set 7 = 0.07 and A = 0.1 in
our experiments.

4. Datasets

We examined our method on two brain MRI
datasets: the ADNI dataset and an in-house dataset of
headache patients. Both datasets consist of 3D brain
MRIs.

4.1. Alzheimer’s Disease Neuroimaging Ini-
tiative Dataset

The Alzheimer’s Disease Neuroimaging Initiative

. (ADNI) (adni.loni.usc.edu) is a longitudinal, multi-

ki exp(six)
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center observational study launched in 2004 to



develop, standardize, and validate biomarkers for
Alzheimer’s disease (AD) clinical trials. ADNI-
1 initially enrolled 200 cognitively normal healthy
controls (HC), 400 participants with mild cogni-
tive impairment (MCI), and 200 with AD across 57
sites in the United States and Canada; later phases
(ADNI-GO, ADNI-2 and ADNI-3) expanded the to-
tal cohort to over 1,000 subjects aged 55-90. Par-
ticipants underwent serial neuroimaging (structural
MRI T1-weighted MP-RAGE on 1.5T and 3T scan-
ners; FDG-PET and amyloid PET tracers), biofluid
collection (cerebrospinal fludi (CSF) and plasma
biomarkers), genetic profiling (e.g., APOE genotyp-
ing), and comprehensive neuropsychological assess-
ments (mini mental status exam (MMSE), Clinical
Dementia Rating (CDR), Alzheimer’s Disease As-
sessment Scale — Cognitive Subscale (ADAS-Cog))
at baseline and follow-up visits (6, 12, 18, 24 months
in ADNI-1; extended in subsequent phases). For our
analyses, all T1-weighted MRI scans were prepro-
cessed using non-linear registration to the MNI-152
template, N4 bias-field correction, skull-stripping,
and intensity normalization via histogram matching.
The dataset consists of 3 classes of images: healthy
(HC), MCI, and AD. HC participants are partici-
pants with no subjective or objective memory com-
plaints and normal performance on neuropsycholog-
ical tests. Mild Cognitive Impairment (MCI) is the
prodromal, intermediate stage between healthy ag-
ing and AD, characterized by subjective memory
complaints, objective memory impairment (MMSE
24-30), CDR = 0.5, preserved activities of daily liv-
ing, and absence of dementia. In our final processed
dataset, we have 4769 T1-weighted brain MRI scans:
1831 HC, 1668 MCI, 1270 AD.

4.2. Institutional Headache Dataset

Headache data were collected via prospective re-
search approved by the Institutional Review Board
(IRB), and all participants provided written informed
consent for their participation. At the time of en-
rollment, migraine participants were diagnosed with
episodic or chronic migraine, with or without aura,
based on the most recent edition of the Interna-
tional Classification of Headache Disorders (ICHD-
3 beta or ICHD-3) [25]. Participants with acute
post-traumatic headache (APTH) or persistent post-
traumatic headache (PPTH) had PTH attributed to
mild traumatic brain injury (mTBI) according to the
latest ICHD criteria (ICHD-3 beta or ICHD-3). In-
dividuals with a history of moderate or severe trau-
matic brain injury were excluded from the study. We
collected MRIs of 96 individuals with migraine, 48
with APTH, 49 with PPTH, and 104 healthy controls
from the institution. We extended our dataset by in-
cluding MRIs of 428 healthy controls from the pub-
licly available IXI dataset [3]. For our experiments,
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we trained our model by first combining all headache
types into one group and then investigated each sub-
group’s performance separately. All 3D MRISs in this
dataset were registered to the MNI152 Imm template
and skull stripped.

5. Experiments and Results

We evaluated our slice-wise soft attention ag-
gregation of DinoV2 features on two different
tasks: Alzheimer’s disease detection using the
ADNI dataset and headache detection on our private
headache dataset. For the ADNI dataset, we per-
formed three pairwise anomaly or disease detection
tasks: HC vs. AD, HC vs. MCI, and MCI vs. AD.
For each task, we split the data with corresponding
classes in an 80:10:10 ratio for training, validation,
and testing.

For the headache dataset, containing HC, mi-
graine (MIG), APTH, and PPTH. We performed the
experiments in 2 different settings. Firstly, we per-
formed experiments with HC vs. different headache
types to evaluate the performance of headache de-
tection using the brain MRIs. We trained four sep-
arate models to evaluate the method with four dif-
ferent scenarios: HC vs. all headache (consider-
ing all headache types: migraine, APTH, PPTH as
one class), HC vs. Mig, HC vs. APTH, and HC
vs. PPTH. Secondly, we perform experiments with
a view to differentiating between the subtypes of
headache: Mig. vs. APTH. Mig. vs PPTH and
APTH vs PPTH. For HC vs. all headaches, we split
the dataset with an 80:10:10 ratio for training, valida-
tion, and testing. For the HC vs. subtype scenarios,
we put 10 samples from each class in the validation
set to avoid bias during evaluation and performed 5-
fold cross-validation, reporting the mean values. The
results are shown in section 5.2.

In each case, we report binary classification per-
formance in terms of accuracy, area under the ROC
curve (AUC), along with an F; score, False Nega-
tive Rate (FNR), and we visualize confusion matri-
ces. We also compare the results with two baseline
methods: SC-MIL [40] and 3D ResNet to demon-
strate the effectiveness of our method over them.

Table 1. Binary classification performance on ADNI.

Task Method Accuracy (%) AUC F1 FNR (%)
SC-MIL 59.16 0.502  0.031 97.42
HC vs. AD  ResNet 3D 84.35 0.854 0.816 23.62
DinoAtten3D 87.80 0.865 0.871 22.05
SC-MIL 48.29 0.476  0.385 65.87
HC vs. MCI  ResNet 3D 62.29 0.668 0.420 71.40
DinoAtten3D 70.50 0.702  0.700 23.95
SC-MIL 56.46 0.514 0.218 85.75
MCI vs. AD  ResNet 3D 74.35 0.714 0.610 53.54
DinoAtten3D 75.70 0.749 0.730 29.92




5.1. Alzheimer’s detection on ADNI dataset

Table 1 summarizes results on three pairwise
anomaly or disease detection tasks in the ADNI co-
hort: HC vs. AD, HC vs. MCI, and MCI vs. AD.
Figures 2a—2c display the corresponding confusion
matrices.

For HC vs. AD, our model achieves 87.80% ac-
curacy with an F; score of 0.871 in the test set af-
ter selecting the model with the lowest validation
loss. As shown in Figure 2a, 174/184 HC and 99/127
AD scans are correctly classified with 0.865 AUC,
indicating good convergence and limited overfitting
in terms of Alzheimer’s disease detection. It also
achieves better accuracy and AUC compared to the
baselines.

In the HC vs. MCI task, we obtain 70.50% accu-
racy (AUC 0.702), with an F; score of 0.700. The
confusion matrix in Figure 2b shows moderate mis-
classifications (133 true HC vs. 38 false negatives; 89
true MCI vs. 34 false positives), reflecting the sub-
tlety of early-stage MCI detection.

For MCI vs. AD, accuracy reaches 75.70% (AUC
0.749), with an F; score of 0.730 for both classes.
Figure 2c illustrates that 133 MCI and 89 AD vol-
umes are correctly labeled.

HC AD HC AD

174 10 118 65 133 34

HC
HC
mcl

28 99 40 127 38 89

AD
AD

mcl

(a) (b) ©
Figure 2. Confusion matrix for ADNI dataset experiments:
(a) HC vs AD, (b) HC vs MCI, (c) MCI vs AD

As illustrated in Figures 3a-3c, the t-SNE pro-
jections of the aggregated patient embeddings for
each ADNI classification task exhibit markedly dif-
ferent clustering behaviors. In the HC vs AD com-
parison (Figure 3a), the two cohorts form two well-
demarcated clusters, indicating a high degree of sep-
arability in the learned representation space. By con-
trast, the MCI vs AD (Figure 3b) and HC vs MCI
(Figure 3c) tasks display only moderate separation:
while the embeddings tend to form cluster-like struc-
tures, there remains a non-negligible degree of over-
lap between classes. This suggests that, although the
model captures discriminative features in all three
scenarios, the boundary between mild cognitive im-
pairment and either healthy controls or Alzheimer’s
patients is less distinct than that between healthy and
Alzheimer’s subjects.

5.2. Headache classification on private dataset

We further tested our method on a private headache
MRI dataset for headache detection and inter-
headache classification. For the HC vs all headache
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Table 2. Binary classification performance on the headache
dataset.

Task Method Accuracy (%) AUC Fi FNR (%)
SC-MIL 67.67 0.565 0.095 40.00
HC vs. Headache  ResNet3D 82.18 80.96 0.705 35.00
DinoAtten3D 86.30 0.874  0.867 10.00
SC-MIL 50.00 0.544  0.000 100.0
HC vs. MIG ResNet3D 74.05 0.870  0.696 40.00
DinoAtten3D 90.00 0.992  0.899 15.00
SC-MIL 50.00 0.505  0.000 100.0
HC vs. APTH ResNet3D 62.00 0.850 0.385 76.00
DinoAtten3D 85.00 0.970 0.846 30.00
SC-MIL 50.00 0.570  0.000 100.0
HC vs. PPTH ResNet3D 65.00 0.828  0.565 54.10
DinoAtten3D 90.00 0.980 0.899 20.00

scenario, the model achieved 86.30% accuracy in the
blind test set with 0.874 AUC. In the case of migraine
detection, the model achieved 90.00% accuracy with
0.993 AUC. For APTH and PPTH detection with re-
spect to HC, the model also achieved 85.00% ac-
curacy with 0.970 AUC and 90.00% accuracy with
0.980 AUC, respectively. Table 2 and Figures 4a—4d
report the results and confusion matrix for headache
detection.

To gauge our model’s ability to detect anoma-
lies across different headache subtypes, we further
trained it on three binary tasks: Migraine (Mig) vs.
Acute Post-Traumatic Headache (APTH), Persistent
Post-Traumatic Headache (PPTH) vs. APTH, and
Mig vs. PPTH. Table 3 reports, for each task, the
validation accuracy, F;-score, and AUC. For Mig. vs
APTH and APTH vs PPTH, the model achieved high
accuracy of 90% and 95% with almost perfect AUC
scores. However, for the Mig vs PPTH classification,
the model achieved 55% accuracy, close to the best-
performing baseline method in terms of accuracy and
AUC.

Table 3. Performance of DinoAtten for inter-headache
classification.
Task Method Accuracy (%) AUC Fy
SC-MIL 50.00 0.388 0.667
MIG vs. APTH ResNet3D 78.01 0.920 0.798
DinoAtten3D 90.00 0.980 0.890
SC-MIL 50.00 0.540 0.667
APTH vs. PPTH ResNet3D 84.00 0.989 0.802
DinoAtten3D 95.00 0.991 0.949
SC-MIL 50.00 0.520 0.000
MIG vs. PPTH ResNet3D 58.00 0.562  0.698
DinoAtten3D 55.00 0.680 0.436

Figures 5a—5d depict the t-SNE projections of
the aggregated embeddings for test subjects in the
headache dataset experiments. The results reveal
well-defined clusters corresponding to healthy con-
trols versus the various headache subtypes. In partic-
ular, the HC versus Migraine, HC versus PPTH, and
HC versus all-headache comparisons exhibit pro-
nounced separation in embedding space, with less
inter-cluster overlap. While the HC versus APTH
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Figure 3. t-SNE plots of Aggregated embeddings for ADNI dataset test subjects
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Figure 4. Confusion matrices for the four headache detection tasks. (a) HC vs All Headache, (b) HC vs Mig, (c) HC vs

APTH, (d) HC vs PPTH

plot shows a modest degree of intermingling, the
two groups remain largely distinguishable. These
observations corroborate the efficacy of incorporat-
ing supervised contrastive learning alongside class-
variance regularization during model training, as
they yield representations that enhance class discrim-
inability across headache detection tasks.

6. Discussion

Across the binary tasks, our attention-weighted
DinoV2 embeddings exhibit consistently strong
anomaly detection when the classes are clearly dis-
tinct (i.e., AD vs. HC, all headache types vs HC, Mig
vs APTH, APTH vs PPTH), but struggle when they
share similar features (e.g., PPTH vs Mig). In the
Mig vs APTH experiment, the model achieved 90%
accuracy, a 0.89 F;-score, and a 0.98 AUC, demon-
strating robust separation of acute post-traumatic
headache as the anomalous class. Performance im-
proved slightly in the PPTH vs APTH comparison
(95% accuracy, 0.95 F;-score, 0.99 AUC), indicat-
ing almost perfect discrimination of persistent post-
traumatic headache against acute cases. By contrast,
the Migraine vs PPTH task yielded only 55% accu-
racy, a 0.44 F1-score, and a 0.68 AUC, reflecting the
model’s difficulty in distinguishing post-traumatic
profiles with Migraine. This finding reflects the clin-
ical observation that symptoms of Mig and PPTH
are typically very similar, although the symptoms of
PPTH are triggered by a brain injury, whereas those
of migraine are not. These results demonstrate that
our aggregation strategy excels at detecting anoma-
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lies when the target condition is well-defined, yet
also highlight the need for further feature refinement
in cases of subtly differing health conditions. In
the future, we plan to comprehensively assess our
approach in more challenging scenarios where data
scarcity and class imbalance are more prevalent.

7. Conclusion

In this study, we present a slice-level attention ag-
gregation framework built upon DinoV2, a self-
supervised vision transformer pretrained predomi-
nantly on natural images. Despite the domain shift,
our method demonstrates strong performance across
both neuroimaging and headache classification tasks.
Notably, it achieves high accuracy in distinguishing
healthy from pathological cases and shows compet-
itive performance even in challenging inter-subtype
classifications. The results on the ADNI dataset
underscore the model’s capacity to reliably detect
Alzheimer’s disease, while the promising outcomes
in differentiating among headache subtypes (e.g.,
migraine vs. post-traumatic headache) highlight the
discriminative power of the learned representations.
Our findings suggest that the rich, generalized fea-
tures extracted by DinoV2 are transferable to medi-
cal imaging contexts, enabling robust anomaly clas-
sification even in data-scarce scenarios. The effec-
tiveness of our slice-level soft attention mechanism
further validates the importance of localized features
in volumetric medical data. Future work will explore
leveraging these features for more granular multi-
class disease sub-typing and investigating domain-
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Figure 5. t-SNE plots of aggregated embeddings for Headache dataset test subjects.

adaptive pretraining strategies to further enhance per-
formance in specialized clinical applications.
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