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Motivation

context provided by ECGs and laboratory tests.

Chest X-ray diagnosis often benefits from physiological

Multimodal models can leverage physiological signals

during training, but often assume that all modalities are

available at inference

unavailable or delayed especially in acute clinical

settings.

Can a CXR encoder learn physiological context from
paired multimodal data while remaining image-only at

deployment?

In practice, ECGs or laboratory measurements may be
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Our Contributions

We introduce PaCX-MAE (Physiology Augmented Chest X-Ray
Masked Autoencoder), a framework that transfers physiological
priors from ECG and laboratory data into a chest X-ray encoder

while requiring

only CXR input at inference.

We validate PaCX-MAE across nine benchmarks, showing that it:

- Outperforms standard unimodal MAE, particularly on
physiology-rich tasks

- Preserves pixel-level fidelity for downstream segmentation

- Significantly

Method

improves label efficiency in low-data regimes

Stage 1: Pretraining Encoders
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Stage 2: Cross-Modal Contrastive

Distillation
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Stage 3: Uni-Modal
Inference
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Anatomy-related
Classification

“Is the physical structure
intact?”
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Physiology-related

Classification

“Is the lung functioning

correctly?”
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Stage 1: Unimodal Pretraining

CXR Encoder: ViT-B pretrained with MAE
Laboratory Encoder: Mask-aware denoising
autoencoder

ECG Encoder: ECGFounder pretrained on 10M
ECGs

Stage 2: Cross-Modal Distillation
Ltotal — Acccontrastive +)\R£'r’egression

Contrastive Alignment: Align 3 modalities in a
shared latent space using symmetric InfoNCE.
Latent Regression: Predict physiological
embeddings from CXR features using cosine

distance.

Optimization status: red (trainable),

(LoRA-adapted), and blue (frozen).

Evaluation
Clinical Transfer Data Efficiency
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