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The Challenge: Hybrid Models are Powerful but “Bloated”
The Promise of Hybrid Modeling
▶ Combines mechanistic priors (ODEs) with neural flexibility.
▶ Essential for data-scarce healthcare settings (e.g., T1D

glucose forecasting).

The Reality Gap
▶ Over-parameterization: Mechanistic models are designed for

biological completeness, not predictive efficiency.
▶ Redundancy: A glucose model might have 20+ latent states

but only 4 observables.
▶ Instability: Cycles and feedback loops lead to stiffness and

training failures.

Goal
Automatically reduce mechanistic graph complexity without losing plausible structure or
interpretability.
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Why not use standard pruning?

▶ Stability: Feedback loops can cause training instabilities.
▶ Timescale Separation: Standard pruning doesn’t account for "fast" variables that can be effectively

skipped.
▶ Gradient-Free Methods: Greedy search or genetic algorithms are too slow for training complex ODEs.
▶ Pure Data-Driven GNN Pruning: Ignores physical laws; risks breaking reachability or creating

nonsensical pathways.

Our Solution: Hybrid Graph Sparsification (HGS)
A gradient-based, structure-aware pipeline.
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Methodology: The HGS Pipeline

1 Merge Cycles (Stability): Collapse Maximal Strongly Connected Components (MSCCs) into
super-nodes.

2 Add Shortcuts (Expressivity): Augment pathways via partial transitive closure to model timescale
separation.

3 Regularized Pruning (Sparsity): Train with L1 penalty on edge weights to select the best subgraph.
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Step 1: Merging MSCCs for Stability

Problem:
▶ Physiological models are full of feedback loops.
▶ Cycles causes stiffness and exploding gradients.

HGS Action:
▶ Collapse cycles into “super-nodes”.
▶ Result: A Relaxed DAG (RDAG) that preserves

the high-level mechanistic causal structure.
System Jacobian becomes block upper-triangular.
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Step 2: Mechanistic Shortcuts

Intuition:
▶ In biology, A → B → C might happen so fast that

A → C is a better predictive model (Timescale
Separation).

▶ Standard pruning can only remove edges, not skip
steps.

HGS Action:
▶ Transitive Closure: Add shortcut edges (u → v) if

u is an ancestor of v.
▶ Allows the optimizer to "bypass" redundant latent

states without violating mechanistic reachability.
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Step 3: Regularized Pruning
We learn a sparse subgraph using a composite loss function:

L = MSE + λ1
∑
(u,v)

|wu,v| + λ2||Θ||22

▶ L1 on Edge Weights (w): Encourages sparsity.
▶ L2 on Parameters (Θ): Ensures stability.
▶ Equivalence: Equivalent to a first-layer Group LASSO.
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Results: Synthetic Experiments
Setup: Ground truth sparse ODE hidden inside a redundant comprehensive graph.
▶ HGS vs. Black Box: Outperforms LSTM/TCN in low-data regimes.
▶ HGS vs. Other Pruning: Achieves lower RMSE and better sparsity (ENP) than NeuralSparse or Group

LASSO.
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Application: T1D Glucose Forecasting
Data: T1D Exercise Initiative (T1DEXI), 342 time series from 105 patients.

Performance:
▶ Surpasses Black-box Neural ODEs and standard mechanistic

models.
▶ Robustness: Significantly lower Peak RMSE (worst-case

error).
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Interpretability:
▶ HGS pruned glucagon feedback loops.
▶ Suggests impaired glucagon response

during exercise-induced hypoglycemia.
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Conclusion

Summary
We propose HGS, a three-step pipeline for Hybrid Neural ODEs:

1 Structure-Aware: Respects mechanistic plausibility.
2 Efficient: Gradient-based (no expensive greedy search).
3 Effective: Improves accuracy and robustness in medical time-series.
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