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Introduction

1. Background: Edge deployment of Large Language Models (LLMs) is bottlenecked by massive
parameter sizes and high inference costs. Effective compression requires identifying and eliminating

parameter redundancy.
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Fig 1: 66.7% of core weights in models. Fig 2: 95% of neurons remain inactive. Fig 3: Fully connected architecture.

3. Objective: To prove smaller models, which possess denser parameters maintain baseline accuracy
despite pruning the majority of inactive MLP neurons.



Architecture

1. Dynamic Routing (Prediction) Input Embedding
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parameters.



Experimental Results
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Fig 4: K=500 achieves performance comparable to the baseline. Fig 5: Load balancing stabilize the workload across steps.



Conclusions
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