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Method & Framework

» Edge-side LLM deployment is emerging driven
by on-device applications.
» MOoE models sparsely activate only a subset of

Key Ildea: Fine-tune only the router to increase expert
reuse while limiting semantic shift.
» Semantic Anchor keeps routing close to the original

Benchmark / Metric  Baseline  CE-only* ReMoE

experts per token, reducing activated pretrained router. GSMBK (EM, strict) 38.89 36.92 38.13
computation while maintaining high model > Temporal Locality encourages reuse and stable local GSMBK (EM, flex) 39.04 37.23 38.36
capacity. working sets. * HumanEval (pass@1) 26.33 28.05 29.27
' i i Input Hidden MMLU (acc) 57.72 5/7.44 57.81
» Advances in mobile storage make local weight - l _______________________________ - - -

storage more feasible. 0 + IFEval (prompt loose) 17.93 — 17.93
! .*F . ReMoE Loss - IFEval (prompt strict) 17.19 —~ 16.08
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Challenge

| Baseline: Cache Thrashing !
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Decode Steps t=n t=n+1 t=n+2

Memory-constrained MoE inference faces

frequent expert switching.

» Only a small set of experts can stay in fast
memory. Missed experts must be fetched from
slow storage, leading to frequent evictions and
1/0O bottlenecks.

» Standard MoE routers (with load-balancing
losses) tend to select disjoint experts across
adjacent tokens, producing poor temporal
locality and cache thrashing, which hurts
latency in memory-constrained, single-request
decoding on edge devices.
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