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Background & Motivation

• Clinical Need: Point-of-care medical 
image segmentation requires both high 
accuracy and computational efficiency.

• The Dilemma:

• CNNs lack global context.

• Transformers are too computationally 
expensive.

• Existing lightweight models sacrifice 
accuracy on complex structures.

• Our Goal: Achieve SOTA accuracy with 
<1M parameters.



Proposed Solution: PMRNet Overview

• Instead of scaling up parameters,

   we scale up inductive bias using 

   physics principles.

• Three Key Innovations:

•   1. Physics-informed Encoder 

•   2. Efficient Global Context 

(Entropy-driven Diffusion)

•   3. Boundary-aware Decoder



Innovation: Enhanced Symplectic Convolution

• Problem: Standard convolutions treat 
boundaries and interiors identically.

• Solution: Inspired by Hamiltonian 
mechanics.

• Feature maps = Position (q)

• Spatial gradients = Momentum (p)

• Mechanism: Couples spatial features 
with derivatives in a joint update step.

• Result: Preserves boundary signals 
without heavy attention mechanisms.



Innovation: PGRF & RGDS

• Pseudo-Global Receptive Field (PGRF):

• Replaces O(N²) self-attention with O(N) 
heat equation diffusion.

• Information flows adaptively from high-
certainty to uncertain areas.

• Renormalization Group Downsampling 
(RGDS):

• Folds fine-scale structures into channels 
before halving resolution.

• Prevents loss of small object information.



Innovation: Boundary-aware Decoder

• Concept: Not all skip connections are 
equally useful.

• Boundary-aware Fusion (BF) Module:

• Gates skip connections based on learned 
local boundary strength.

• Region path & Boundary path processed 
separately.

• Result: Keeps the decoder spatially 
precise with minimal parameters.



Results: Computational Efficiency

• Ultra-lightweight footprint:

• Parameters: 0.87M (100x smaller than 
TransUNet)

• Computations: 3.43 GFLOPs

• Real-time Inference:

• Achieves 152.03 FPS on a single RTX 
4090.

• Outperforms heavier models while 
maintaining strict computational budgets.



Results: Accuracy & Visualization

• Evaluated on 12 diverse medical 

   imaging datasets.

• Highlights (Clinic Dataset):

• 87.25% IoU and 92.56% Dice.

• Qualitative Results:

• Superior boundary delineation.

• Robust handling of small objects 

   and ambiguous edges.

• Significant reduction in false 
positive/negative regions.



Conclusion

• Summary: PMRNet demonstrates that 
physical inductive biases can effectively 
replace brute-force parameter scaling.

• Impact: Enables high-accuracy medical 
image segmentation on resource-
constrained devices.

• Open Source: Code is available on 
GitHub.

• Thank You!


