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Problem Setup

Parameter-efficient fine-tuning (PEFT) on 
pre-trained LLM

● Adapt to downstream tasks
● Freeze pre-trained weight; Update 

low-rank adapter parameters
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Evolution of PEFT Adapters

S’MoRE

● Integrating & extending designs of both LoRA & MoE
● Exploiting structural relationship among residual experts
● Boosting MoE’s model capacity while maintaining LoRA’s parameter efficiency
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Similar efficiency:

Same parameters

Higher capacity:

LoRA < Mixture of 
LoRA < S’MoRE

(measure via 
structural flexibility)

Evolution of PEFT Adapters
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How Does Structure Help?

MoE routing problem

● What experts to activate? ⇒ Existing works
● How to connect activated experts? ⇒ S’MoRE & structural scaling

The same set of experts can form exponentially many different structures!
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S’MoRE Routing

● Hierarchical routing (top-down)
● Router computes conditional 

probability by 
○ active ancestors
○ input token

● “Token-expert” similarity based 
on key-query dot product

● Query embedding: by Router’s 
compact MLP

● Key embedding: learnable for 
each residual expert
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S’MoRE Layer Propagation

● Selected experts form a residual tree
● Token emb propagates from leaves to root
● Each layer: aggregation + transformation ⇒ GNN
● Craft each layer’s output dim for efficiency
● σ & W theoretically ensures expressive power

Current layer 
output

Previous layer 
output

Token emb 
(skip connect)

Residual (low 
rank) experts

Shared proj. 
weights

Router 
weights

Active children 
experts

TransformationNeighbor 
aggregation

A special GNN
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Summary of Theoretical Properties
Parameter & computation efficiency

● Similar to vanilla LoRA

Recovering 1-layer MoE

Expressive power w.r.t. “structural flexibility” Γ ⇒ Graph isomorphism test

● Given token, Γ = num distinct outputs that different expert structures can generate
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sum over fanout

exponent over fanout

(1-layer MoE)



Experiments

9

Setup
● 7 benchmarks
● 2 model families & 3 model 

scales
● 3 gating types
● 4 or 8 total number of 

experts

Main observations
● Accuracy boost due to 

structural mixture
● Comparable parameter size 

due to residual aggregation 
in low-dim space
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Experiments

● Consistent (or larger) 
gains across model 
families

● Structure improves 
scaling on math & 
coding

Increasing layers may 
further improve accuracy – 
with even fewer parameters



Future Directions

Model scaling w.r.t. STRUCTURE!
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