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TL;DR

• Conventional Electronic Health Record (EHR) foundation models often inherit 

LLM training paradigms, limiting their fit to EHR data structures.

• 1. Value representation - Pathology-Focused Binning, which allocates 

resolution to clinically important tail values instead of over-resolving the normal 

range as in quantile binning.

• 2. Time representation - Dual-Calendar RoPE, which captures the exact 

occurrence time of each event and the regularity between events, instead of 

assuming uniformly spaced events.

• 3. Learning objective - Time-Conditioned Foresee, a joint “when-and-what” 

prediction objective that trains to predict all events within a given future horizon.

1. Value - Pathology-Focused Binning 

• Used dataset – MIMIC-3,4 & eICU

• Train – ~160k patients / ~ 270m events

• Eval – ~18k patients / ~34m events

• Train to Eval shift: avg. 41 years

Dataset summary

2. Time - Dual-Calendar RoPE

3. Objective - Time-Conditioned Foreseeing

• Assumption: Common high-density range values are less informative, while low-

density range values are more clinically important.

• Method: Estimate the density with a Gaussian KDE and assign inverse-density weights.

Experiments

• Assumption: Explicitly representing the exact timing and periodicity of events improves 

the model’s temporal representation learning.

• Method: Partition the RoPE dimensions into order-based and time-based components, 

with the time-based periods arranged in ascending calendrical order.

• Assumption: Models should jointly predict when and what events will occur, while also 

forecasting events over long horizons.

• Method: A. Predict the time-to-next-event interval. B. Predict which events will occur 

within a future horizon conditioned on a given time.

• Downstream tasks performances

• Generative performances

• MIMIC-3: 7 downstream tasks

• MIMIC-4: 11 downstream tasks • ML models

• External Validation (eICU)

• Generation EHR sample • Generation vs ground truth 

• Temporal generation
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