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Abstract

Autoregressive foundation models trained on tok-
enized electronic health records (EHRs) can sup-
port zero-shot clinical prediction, yet most oper-
ate on structured event codes alone. We present a
framework for conditioning such models on aux-
iliary clinical modalities, including ECG wave-
forms, chest X-ray images, and clinical notes,
using modality-specific latent compression and
gated cross-attention with temporal alignment.
Through controlled ablations on MIMIC-IV, we
study two key design choices for multimodal EHR
fusion: how to compress long modality sequences
before cross-attention, and whether the choice of
pretrained modality encoder matters for down-
stream performance. We show that latent com-
pression substantially outperforms both uncom-
pressed cross-attention and mean pooling, and
that encoder choice has a clear within-modality
effect, with stronger pretrained encoders consis-
tently outperforming weaker alternatives. We fur-
ther find that, under our current architecture, sim-
ply adding auxiliary modalities does not guarantee
improvement on aggregate ICU mortality predic-
tion over a strong EHR-only baseline, motivating
future work on more flexible fusion architectures
and clinically contextual evaluation.

1. Introduction

Recent work has shown that autoregressive transformers
trained on tokenized electronic health records (EHRS) can
learn reusable patient representations that support zero-shot
clinical prediction (Renc et al., 2024; Waxler et al., 2025).
These models linearize longitudinal EHR events (i.e. diag-
noses, procedures, medications, vitals) into discrete token
sequences and apply next-token prediction, analogous to
language modeling (Pang et al., 2021). However, most EHR
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Figure 1. Electronic health records can be represented as sequences
of clinical events spanning multiple modalities.

foundation models operate on a single modality of struc-
tured event codes, even though clinical decision-making
routinely draws on complementary multimodal evidence
as shown in Figure 1. Electrocardiograms (ECG) provide
direct measurements of cardiac electrical activity and sup-
port the detection of arrhythmias, conduction abnormalities,
and ischemic patterns (Gu et al., 2025). Chest X-ray (CXR)
images offer rapid evidence of pulmonary and cardiac pro-
cesses such as consolidation, edema, cardiomegaly, and
pleural effusions. Clinical notes capture information that is
not well represented in coded tables, including presenting
symptoms, differential diagnoses, and clinician assessments
(Wang et al., 2024). Integrating these modalities into a
generative EHR model is nontrivial.

Each modality differs in dimensionality, sampling rate, and
temporal availability; missingness is clinically informative
rather than random; and naive fusion risks temporal leak-
age when auxiliary observations acquired after an EHR
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Figure 2. Multimodal EHR trajectory model. Auxiliary modalities (ECG, CXR, notes) are encoded, compressed into latent tokens, and
fused into a GPT-2-style decoder via gated cross-attention. Temporal masking ensures each EHR token attends only to past modality

events.

event are allowed to influence its prediction (Spathis &
Kawsar, 2024). Prior multimodal clinical work has largely
adopted late fusion—aggregating predictions from inde-
pendently trained unimodal models—which cannot capture
fine-grained cross-modal dependencies (Stahlschmidt et al.,
2022; Jorf & Shamout, 2025). Intermediate fusion via cross-
attention, as popularized by Flamingo (Alayrac et al., 2022)
and adapted for medical tasks (Moor et al., 2023; Tu et al.,
2024; Amar et al., 2025), offers a more expressive alterna-
tive but has not been systematically evaluated for autore-
gressive EHR trajectory modeling.

In this work, we augment a decoder-only EHR backbone to
use ECG, CXR, and clinical notes with latent compression
and cross-attention. We propose a compression module,
inspired by Perceiver (Jaegle et al., 2021), that compresses
modality information into a small number of latents, improv-
ing model efficiency and performance. Through controlled
ablations on MIMIC-1V, we show that latent compression
is essential for effective and efficient fusion of long modal-
ity sequences, and that encoder choice has a clear within-
modality effect. However, we also find that simply adding
auxiliary modalities does not guarantee improvement on
aggregate ICU mortality: only one bimodal configuration
(notes with BioMedBERT) marginally exceeds the EHR-
only baseline, and a unified three-modality model does not
surpass it either. This points to a need for more flexible

fusion architectures and clinically contextual evaluation that
can reveal where each modality genuinely contributes.

2. Method
2.1. Problem Setup and Data

We study autoregressive modeling of patient trajectories
from MIMIC-IV v3.1 (Johnson et al., 2024). Following
ETHOS (Renc et al., 2024), we convert MIMIC-IV and
MIMIC-IV-ED (Johnson et al., 2023a) into the Medical
Event Data Standard (MEDS) format (Arnrich et al., 2024)
and tokenize each patient’s record into a chronologically
ordered sequence x; = (a:m, ..., Z;1,) over a vocabulary
V' of medical-event tokens, with event timestamps T ;.

In addition to the EHR stream, each patient p; may
have auxiliary observations from a modality set M
{ecg, cxr, note}, with available modalities M; C M vary-
ing across patients. Specifically, patient p; may have ECG
recordings E; = {(e; , Tzig) f:il, where e; . € R12*Lir
is a 12-lead waveform and T;i “% is the acquisition time; chest
radiographs C; = {(¢; ;, Tﬁ’j‘-r)}f;l;
N; ={(ni k, Tfjgte) }fz"l, where each note n; i is tokenized
into a sequence w; r = (Ui k,1,- -, Uik L, ,) and truncated
or padded to the encoder context length L,,,x. All auxiliary
data are sourced from MIMIC-IV-ECG (Gow et al., 2023),

and clinical notes
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MIMIC-CXR-JPG (Johnson et al., 2019), and MIMIC-IV-
Note (Johnson et al., 2023b) via PhysioNet (Goldberger
et al., 2000). Missing modalities are represented via ex-
plicit masks rather than imputation. We use an 80/10/10
subject-level train/validation/test split.

2.2. Multimodal Architecture

Figure 2 summarizes the architecture. The EHR token se-
quence is embedded via a learned lookup table and pro-
cessed by a GPT-2-style decoder (Radford et al., 2019) with
hidden dimension D. Each auxiliary modality is encoded by
a pretrained, modality-specific encoder (frozen or finetuned).
For ECG, each recording is partitioned into contiguous tem-
poral patches and projected into patch embeddings. For
CXR, images are split into 2D patches following the stan-
dard vision-transformer approach. For clinical notes, each
document is tokenized and encoded by a BERT-style model,
with truncation or padding to a fixed context length.

Latent compression. Each modality encoder produces a
sequence of embeddings whose length depends on the input
(e.g., a clinical note of N tokens yields an (N, dencoder) ten-
sor, where dencoder 1S the encoder output dimension). Naive
cross-attention from the EHR sequence of length 7" to such
a modality sequence requires O(NT) operations, which
quickly becomes expensive. We propose a latent compres-
sion module that compresses each modality sequence into
k latents with k < N. The latents are initialized as ran-
dom noise and iteratively refined through [ layers of cross-
attention to the modality sequence, reducing the effective
cross-attention cost to O(Nk + Tk).

Gated cross-attention. The decoder conditions on com-
pressed modality latents via cross-attention blocks inter-
leaved with self-attention layers. Following Flamingo
(Alayrac et al., 2022), each cross-attention block is modu-
lated by a learnable scalar gate g' = o(') that controls the
contribution of the modality update at layer [, stabilizing
training and enabling depth-dependent modality usage.

Temporal alignment masking. To ensure that predictions
do not condition on future auxiliary observations, we en-
force a past-only cross-attention rule: an EHR token at
time 7; may only attend to modality events with acqui-
sition time strictly before 7, (equal timestamps are also
masked). Modality instances are retrieved by subject ID
within the EHR window’s time span, with at most K,
events per modality. This causal mask is combined with
event-availability and padding masks to handle partial or
absent modality availability.

Training objective. We train with standard next-token
cross-entropy loss on the EHR token stream: Lcg(0) =

| ICU Mortality

Compression  k l ‘ AUROC AUPRC F1

None - -] 0.8565 0.4357  0.7061
Mean Pooling -  — \ 0.8642 0.4274  0.7037
Latent 8 1| 0.8662 0.4400  0.7082
Latent 8 2| 0.8709 0.4444  0.7131
Latent 8 4| 0.8751 0.4599  0.7107
Latent 16 1| 0.8640 04426  0.7121
Latent 16 2| 0.8771 0.4486  0.7082
Latent 16 4| 0.8580 04235  0.6957

Table 1. Analysis of different compression methods in a bimodal
model trained with EHR and clinical notes. Clinical notes were
encoded using BioMedBERT (Gu et al., 2020) as the note encoder.
Performance is reported on the ICU Mortality task.

— > logpo(xiuti | @i<u, Ei, Ci, N;), where auxiliary
modalities serve only as conditioning inputs and the model
generates EHR tokens only. The loss excludes padded and
demographic positions.

2.3. Modality Encoders

We experiment with multiple pretrained encoders per modal-
ity to assess the impact of encoder choice on downstream
performance, while keeping the EHR backbone and fusion
mechanism fixed. For ECG, we compare CSFM (Gu et al.,
2026), a multi-dataset cardiac foundation model, with ECG-
FM (McKeen et al., 2025), an open electrocardiogram foun-
dation model; both produce patch-level embeddings from
12-lead waveforms. For CXR, we compare BioMedCLIP, a
vision—language model pretrained on biomedical image—text
pairs, with a VIT-MAE pretrained via masked autoencoding
on natural images. For clinical notes, we compare BERT
(Devlin et al., 2019) with BioMedBERT (Gu et al., 2020), a
domain-adapted variant pretrained on PubMed abstracts. All
encoders are frozen during training; the latent compression
module maps their outputs into k latent vectors of dimension
D, matching the backbone hidden dimension.

2.4. Zero-Shot Evaluation

We evaluate on four clinical benchmarks: hospital mortal-
ity, ICU mortality, ICU admission, and ICU readmission.
Following ETHOS (Renc et al., 2024), zero-shot evaluation
conditions on the last L tokens of patient history ending
at the task start event (e.g., the ICU admission token for
ICU mortality) and samples K =20 stochastic futures; the
predicted probability is the fraction of rollouts containing
the target token within the task horizon. For multimodal
models, auxiliary encodings are computed once from the
observed window and kept fixed during rollout.
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Table 2. Effect of modality and encoder choice on ICU mortality. Bimodal rows pair EHR with one auxiliary modality; the final row
reports a unified model conditioned on all three modalities using the best encoder per modality.

Modalities | Modality Encoder | ICU Mortality
EHR CXR ECG Notes ‘ ‘ AUROC AUPRC F1
v X X X ‘ - ‘ 0.8651 0.4561  0.7182
v v X X BioMedCLIP ViT (Zhang et al., 2023) | 0.8624 0.4471  0.7075
v v X X VIiT-MAE (He et al., 2022) 0.8505 0.4315  0.6755
v X v X CSFM (Gu et al., 2026) 0.8703 0.4263  0.7024
v X v X ECG-FM (McKeen et al., 2025) 0.8680 0.4072  0.7022
v X X v BERT (Devlin et al., 2019) 0.8579 0.4164  0.7066
v X X v BioMedBERT (Gu et al., 2020) 0.8751 0.4599 0.7107
v v v v" | Best per modality | 0.8460 04330  0.6997

3. Results & Discussion

Table 1 reports a compression ablation in a bimodal EHR
+ clinical notes model on ICU mortality. Mean pooling
slightly improves over no compression, while latent com-
pression yields the largest gains. Sweeping k € {8, 16} and
l € {1,2,4}, we find k=8, =4 gives the strongest overall
performance and we adopt it for subsequent experiments.

Multimodal encoder ablation. Table 2 evaluates pre-
trained encoder choice in bimodal settings on ICU mor-
tality, with the EHR-only baseline at 0.8651/0.4561/0.7182
(AUROC/AUPRC/F1). Adding an auxiliary modality does
not uniformly improve over this baseline: CXR with ei-
ther encoder performs below the baseline across all three
metrics; ECG with CSFM (Gu et al., 2026) improves AU-
ROC (0.8703 vs. 0.8651) but lowers AUPRC and F1; clini-
cal notes with BioMedBERT marginally improve AUROC
and AUPRC (0.8751/0.4599) while still trailing the base-
line on F1. Encoder choice nonetheless has a clear within-
modality effect: BioMedCLIP outperforms ViT-MAE on
CXR; CSFM outperforms ECG-FM (McKeen et al., 2025)
on ECG with a notable AUPRC gap (0.426 vs. 0.407); and
BioMedBERT substantially outperforms BERT on notes
across all metrics. For CXR and notes, the advantage comes
from domain-adapted pretraining over general-purpose mod-
els; for ECG, CSFM benefits from training on a larger and
more diverse cardiac dataset. The unified model conditioned
on all three modalities also fails to surpass the EHR-only
baseline, indicating that simply combining modalities does
not yield additive gains.

Discussion. Three takeaways emerge from these results.
First, learned latent compression substantially outperforms
uncompressed attention and mean pooling (Table 1), sug-
gesting that a bottleneck distills modality information more
effectively than the alternatives. Second, encoder choice has
a clear within-modality effect (Table 2), suggesting that the
quality of the initial representation is at least as important

as the fusion mechanism. Third, adding modalities does not
guarantee improvement on aggregate metrics: only notes
with BioMedBERT marginally exceed the baseline, and the
unified three-modality model also fails to surpass it. This
motivates two directions for future work. Architecturally,
more flexible fusion and modality-aware training (e.g., per-
modality loss weighting or curriculum over availability) may
be needed for additive gains. Methodologically, aggregate
metrics likely obscure modality-specific value, for exam-
ple ECG is most informative for arrhythmia or ischemia
cohorts, CXR for pulmonary cohorts, motivating clinically
contextual evaluation that can reveal where each modality
contributes.

4. Conclusion

We presented a framework for conditioning autoregressive
EHR foundation models on ECG, CXR, and clinical notes
via latent compression and gated cross-attention. Controlled
ablations on MIMIC-IV show that latent compression out-
performs simpler aggregation while also improving effi-
ciency (O(Nk + Tk) attention cost), encoder choice has a
clear within-modality effect, and simply adding modalities
does not consistently improve aggregate ICU mortality over
a strong EHR-only baseline. Future work includes more
flexible fusion and modality-aware training, and cohort-
stratified evaluation that can reveal where each modality
contributes most.
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