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Abstract. We approach the task of beta-amyloid detection in Alzhei-
mer’s patients and propose a multimodal contrastive and distillation-
based learning framework integrating PET (using AV45 and PIB tracers)
and 3T MRI data from 790 participants in the OASIS-3 cohort. Built on
BiomedCLIP with efficient LoRA fine-tuning, our model leverages cross-
modal and self-attention mechanisms with soft triplet loss and adaptive
margin to align PET–MRI embeddings. Through knowledge distillation,
we transfer PET-guided representations into MRI-only embeddings. A
lightweight MLP predicts amyloid positivity from PET-guided MRI rep-
resentations and MRI embeddings. Our preliminary results demonstrate
that PET-guided MRI successfully transfers knowledge to an MRI-only
model, showing substantial relative improvement (+8.3% F1 score) com-
pared to models trained without distilled knowledge.
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1 Introduction

Alzheimer’s Disease (AD) is among the most common types of dementia and
affects more than 55 million individuals, with this number expected to reach
78 million by 2030 [2, 14]. Beta-amyloid accumulation, the initial neuropatho-
logical event in AD, can be identified through Positron Emission Tomography
(PET) utilizing radiotracers [1]. However, structural MRI is more widely avail-
able, has higher spatial resolution, and is radiation free. Therefore, some studies,
such as [9, 11], synthesize PET data from MRI. Contrary to existing works [2],
we propose a PET-guided cross-attention approach with knowledge distillation
[10] that enhances MRI embeddings for beta-amyloid detection while enabling
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MRI-only inference. Consequently, its application to detect beta-amyloid plaques
holds significant promise for earlier AD diagnosis and better outcomes.

2 Methods

This study used the OASIS-3 dataset [8], with AV45/PIB scans and T1-weighted
MRI scans aligned within ±365 days (790 matched pairs, with a 68:32 class
imbalance). MRIs underwent N4 bias correction [7], HD-BET skull-stripping
[6] and intensity normalization (clipping [0.5-99.5 percentile], scaling to [0,1],
gamma=0.9) [3]. Volumes were reoriented to RAS. Standardized Uptake Value
Ratio (SUVR) maps (50–70 min post-injection) were processed using the PUP
pipeline and, with MRI volumes, registered to MNI152 space using ANTsPy [4,
13]. Informative sagittal slices were selected by removing low-intensity regions.

2.1 Model Architecture and Training

Training The model involves two phases: (1) contrastive learning with triplet loss
to align MRI-PET representations in a teacher model, followed by (2) knowledge
distillation transferring PET-guided features to an MRI-only student model with
integrated classification.

Multimodal Contrastive Pretraining A multimodal contrastive learning frame-
work aligns MRI and PET embeddings through a slice-level Transformer archi-
tecture. BiomedCLIP’s visual encoder [15] was adapted using LoRA (rank
10, scale 16, and dropout 0.2) [5] applied to attention projections across all
12 self-attention layers with the first 6 blocks frozen. The model encodes 15
uniformly sampled 2D sagittal slices (224× 224) from each modality. A projec-
tion head (LayerNorm, GELU, dropout) maps each slice embedding to 128-space.
Self-attention enables intra-modality aggregation, while cross-modal atten-
tion guides MRI features using PET queries. A soft triplet loss with adaptive
margin aligned embeddings using anchor (PET-guided MRI), positive (matched
PET), and negative (PET differing in Centiloid SUVR by 5 units), with dis-
tillation losses (MSE and cosine similarity) with epoch-dependent weighting.
L2 regularization was applied with AdamW optimization (lr: 5 · 10−6 encoder,
2 · 10−5 projection head), weight decay of 10−2, cosine annealing learning rate,
AMP, and gradient accumulation. This teacher model was trained for 15 epochs
with early stopping (patience 5) using CLIP-normalized data augmentation.

Knowledge Distillation and Classification In the second phase, knowledge from
the PET-guided teacher model was distilled into an MRI-only student model.
The student’s self-attention module was initialized with the teacher’s cross-
attention weights. A classifier head (128→64→1), with LayerNorm, ReLU, and
dropout predicted amyloid status. Training combined feature distillation loss
(MSE between normalized embeddings) and a specialized MarginFocalLoss
for classification. The weighting between distillation and classification evolved
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during training, gradually shifting from distillation (0.5) toward classification
(0.8). Optimization used AdamW with differential learning rates (2 · 10−5 for
attention, 8 · 10−6 for projection, and 5 · 10−5 for the classifier), and a ReduceL-
ROnPlateau scheduler based on validation F1. The student model was trained
for 100 epochs with early stopping (patience 25).

3 Results

Contrastive Pretraining Performance During training, soft triplet loss en-
forced MRI-PET alignment. Mean anchor–positive distance decreased (from 4.15
to 2.02), while anchor–negative distance increased (from 6.41 to 9.91), main-
taining high cosine similarity between anchor–positive pairs (0.85-0.88) while
decreasing similarity between anchor–negative pairs (from 0.72 to -0.43).

MRI-based Classification of Amyloid Positivity The multimodal MRI-PET model
achieved high performance (Acc: 0.920, F1: 0.857, opt. θ) with balanced precision-
recall. Our distilled MRI-only model outperformed the baseline (opt. θ), improv-
ing F1 from 0.482 to 0.522 via enhanced recall (0.756 to 0.795), demonstrating
successful transfer of PET-guided knowledge to MRI-only inference.

Model Interpretability via GradCAM During training, the PET-guided model
attention shifts to more localized and clinically relevant regions (Figure 1) [12].

MRI-PET MRI-Dist MRI-Base
Metric θ=0.5 Opt θ=0.5 Opt θ=0.5 Opt
Acc 0.913 0.920 0.693 0.573 0.567 0.513
Prec 0.881 0.923 0.455 0.389 0.353 0.354
Rec 0.822 0.800 0.227 0.795 0.533 0.756
F1 0.851 0.857 0.303 0.522 0.425 0.482
Spec 0.952 0.971 0.887 0.481 0.581 0.410
NPV 0.926 0.919 0.734 0.850 0.744 0.796

(a) Epoch 1 (b) Final Epoch

Fig. 1: Performance and GradCAM. Opt = F1-optimized thresholds vs θ = 0.5.

4 Conclusion

Our cross-modal attention framework for beta-amyloid detection shows promis-
ing results in significantly enhancing MRI-only model performance. We trained
a teacher model using cross-modal attention to learn PET-MRI relationships,
extracting clinically relevant features. Knowledge from this teacher was distilled
into an MRI-only student model, enabling accurate amyloid detection without
PET at inference time. This approach addresses a critical need where PET is
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unavailable. Despite the class imbalance, our distilled MRI-only model demon-
strates improvements in F1 score (+8.3%), recall (+5.2%), and NPV (+6.8%)
compared to the non-distilled baseline, reducing missed amyloid-positive cases.
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