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Motivation & The Irregularity

• Research question:
• How can we design a scalable and generalizable foundation model that captures the 

irregularity and multi-frequency nature of medical time series, while enabling robust 
transfer across diverse medical tasks?

• MIRA is specifically designed to address the challenges of medical time 
series: 
• A Continuous-Time Rotary Positional Encoding (CT-RoPE), which extends the 

standard RoPE [1] to handle time values using learnable frequency adjustments, 
allowing MIRA to accurately model the varying frequency intervals of irregularly 
sampled data. 

• MIRA uses a frequency-specific mixture-of-experts (MoE) layer that learns to route 
frequency-related information through specialized components. 

• Finally, it integrates a Continuous Dynamics Extrapolation Block, using Neural 
Ordinary Differential Equations (Neural ODEs).

[1] Jianlin Su, Murtadha H. M. Ahmed, Yu Lu, Shengfeng Pan, Wen Bo, and Yunfeng Liu. Roformer: Enhanced transformer with rotary 
position embedding. Neurocomputing, 568: 127063, 2024.



Novelties

• They propose MIRA, a new foundation model specially designed for 
medical time series forecasting. MIRA directly tackles the challenges 
of irregular sampling and varied temporal dynamics within a single, 
well-structured system. 

• They preprocess and release an extensive and diverse corpus of 
medical time series, containing over 454 billion observations, to be 
used for model pre-training. This collection, built from multiple public 
datasets, aims to cover diverse types of medical time series. 

• They establish a comprehensive benchmark suite that covers a wide 
range of clinical forecasting tasks. This development MIRA into robust 
and generalizable medical time series models.



Architecture
• MIRA utilizes a decoder-only 

architecture with three specific 
adaptations for irregularity: 
• Continuous-Time Rotary Positional 

Encoding (CT-ROPE): Generalizes standard 
ROPE to operate directly on real-valued, 
continuous timestamps. 

• Frequency-Specific Mixture-of-Experts 
(MoE): Routes tokens to specialized 
experts based on their temporal dynamics 
(latent frequency regimes).

• Continuous Dynamics (CD) Extrapolation 
Block: Uses Neural ODEs to model the 
continuous trajectory of latent states, 
allowing forecasting at any arbitrary 
future timestamp.



Technical Focus: CT-ROPE

• Standard ROPE Limitation: Assumes discrete, uniform token indices.

• MIRA Solution: Discretizes continuous timestamps 𝑡 ≥ 0 into rotation 
angles without assuming fixed intervals.

• Key Property: The inner product between the rotated query and key 

depends only on the relative time difference: 𝑅Θ 𝑡𝑚
⊤

𝑅Θ(𝑡𝑛)  =
 𝑅Θ(𝑡𝑛 − 𝑡𝑚).

• Benefit: Enables the attention mechanism to capture continuous-time 
relational structures efficiently.



Technical Focus: Sparse Temporal MoE
• Objective: Handle the heterogeneity 

of medical signals (e.g., millisecond-
level ECG vs. hour-level lab tests).

• The Mechanism: 
• Replaces standard feedforward layers 

with a pool of N lightweight experts.
• A Router selects the top K (typically K=2) 

experts for each token.
• A Shared Expert acts as a global residual 

pathway for all tokens.

• Outcome: Improved temporal 
specialization and computational 
efficiency.



Continuous Dynamics via Neural ODEs

• The Extrapolation Challenge: Standard transformers cannot incorporate a 
target timestamp during inference if it wasn't part of the original grid.

• The ODE Approach: MIRA evolves the hidden state h(𝑡𝑁) to a target time 
𝑡𝑁+1 by integrating the dynamics function f:

• Solver: Uses adaptive step-size solvers like Dormand-Prince (RK45) for 
numerical stability. 

• Result: Accurate forecasting at arbitrary, unseen, or irregular time points.



Large-Scale Medical Pretraining
• MIRA was pretrained on a curated corpus of 454 billion observations

• Training Strategy: Resumed from Time-MoE checkpoints and trained 
using Huber loss for robustness against clinical outliers.

• They adopt a similar model configuration strategy following Time-
MoE by providing three model variants of increasing scale



Result

• Out-of-Distribution (OOD) 
Forecasting MIRA outperformed 
all 13 baselines (including 
TimesFM and Chronos) on 
unseen datasets like MIT-BIH 
and CDC-IHA. 

• MIRA large reduced forecasting 
error (RMSE) by an average of 
8% in OOD scenarios.



Result
• Evaluated on the WHO FluNet dataset with missing rates from 10% to 

90%. 

• MIRA showed minimal performance degradation even at severe 
(90%+) information loss, while competitor models dropped quickly.



Ablation Study

Component Impact: Removing the CD-Extrapolation Block caused the largest performance drop (5-8% 
increase in error), highlighting its critical role in forecasting.



Conclusion & Limitations

• Summary: MIRA is the first large-scale foundation model to 
successfully integrate continuous-time modeling with sparse MoE for 
medical time series. 

• Clinical Potential: Reduces the need for task-specific tuning and helps 
share knowledge across diverse institutions and data modalities. 

• Limitations: While pretrained on large public datasets, real-world 
deployment complexity and residual privacy risks remain areas for 
future work.



Related Work



Dataflow: 
• From Raw Input to Prediction 

• Raw Input Layer Data Collection: 

• The model receives paired sequences of timestamps and observations 𝑡𝑖 , 𝑥𝑖 𝑖=1
𝑁 .

• Observation Handling: 𝑥𝑖  can be real values or missing entries (NaN), representing either regular-grid missingness or irregular 
sampling.

• Preprocessing & Normalization
• Time Normalization: Raw timestamps are rescaled into a canonical range using min-max normalization to ensure stable phase 

computation.

• Embedding: Observations are mapped into a 𝑑 𝑚𝑜𝑑𝑒𝑙  dimensionality through initial input hidden layers.

• Stacked Decoder Layers (x N)
• Normalization: Tokens pass through a LayerNorm.

• Continuous-Time Rotary Positional Encoding (CT-RoPE): Linear rotation angles 𝜃𝑖(𝑡) are applied to the latent features based on 
their continuous timestamps, allowing the model to capture relative temporal differences.

• Causal Attention: Standard dot-product attention with causal masking ensures the model only processes historical information.

• Frequency-Specific Mixture-of-Experts (MoE): Latent tokens are routed to specialized experts (Top-2) based on their temporal 
frequency, with a shared expert acting as a global residual pathway.

• Continuous Dynamics (CD) Extrapolation BlockState Integration: The final processed latent state ℎ(𝑡𝑁) and the target 
timestamp 𝑡 𝑁+1  are fed into a Neural ODE solver.

• Neural ODE Solver (RK45): The solver integrates the dynamics function f over the interval [𝑡𝑁, 𝑡 𝑁+1 ] to "evolve" the hidden 
state to the future target point.

• Output Head
• Value Prediction: The evolved latent state $h(t_{N+1})$ is projected back to the observation space to produce the predicted 

value ො𝑥 𝐿+1:𝐿+𝐻 .
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