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Low-Rank Adaptation (LoRA)

Low-rank update

e Parameter Update:

W, + AW, =

X a |

low-rank
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Low-Rank Adaptation (LoRA)

Low-rank constraint limits the expressive capacity of LoRA
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Low-Rank Adaptation (LoRA)

LoRA can be further compressed

e Many related works demonstrate that @ |cshem Choshen @ & @LChoshen - Jul 9
-

LoRAs have a lot in similar.
I—O RA Can b c fu It h ercom p resse d by So one can compress (+-SVD with unique s) them together, serve efficiently

or understand their shared spaces

o [2]7.76%

Q Rickard Briiel Gabrielsson @RickardGabriels - Jul 9
Replying to @RickardGabriels

o Our work enhances the serving of large language models (LLMs) by

¢ [3] 1 25 A’ efficiently compressing multiple low-rank adapters (LoRAs). We
developed linear algebra methods to compress these adapters without
significant loss in performance, achieving major throughput ...

® [4] 50% Show more

° [5] 3% Compressing 100 LoRAs by sharing their subspaces won't
compromise performance.

e without performance loss.
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] L1, Yang, Shaobo Han, and Shihao Ji. "VB-LoRA: extreme parameter efficient fine-tuning with vector banks." NeurIPS 2024



[LORA is underutilized.



Low-Rank Adaptation (LoRA)

Why LoRA is under-utilized?

e Different components and layers require
different levels ot expressive capability.

* | oRA adopts an average allocation strategy.
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Rank-Sharing Low-Rank Adaptation (RaSA)

Partial rank-sharing across layers

e Split the matrices B; and A, into layer-specific parts (B,, A,) and layer-shared parts (B;, A,)

> 5 AT AT 1T
S~ " "
RO6X(r—k) ROXE Ra X (r—k) Ra Xk

e Concatenate all layer-shared parts across layers to form shared rank pools (Bg and Ag)

el e

A A A A 1 a
Bs= (B B, - By eR™UN, Ag_[AT AT ... A7]" e REXM

e Update of layer-i




Rank-Sharing Low-Rank Adaptation (RaSA)

Comparison between LoRA and RaSA

B;| X A, B|| B X\X Ag
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e extra parameters (0.01%o.)



Reconstruction Error Analysis

Minimum Reconstruction Error

e \We compare their abilities to reconstruct a set of high-rank matrices {M;}ici;, rank(M;) = R > r

€lora = éﬂlﬂ ZHM B; Al
1=1

Crasa(k) — min ZH + Bs D, AS)H

~

B;,A;,Bs,As,D

* We prove €rasa(k) < €lora (Theorem 3.1)



Reconstruction Error Analysis

Empirical Analysis

Reconsturction Error

Reconsturction Error
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RaSA requires ~10 iterations to achieve a significantly lower

reconstruction error than LoRA’s minimum.
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Main Results
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RaSA learns more and faster than L.oRA
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Training curves of LoRA and RaSA with different ranks.
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RaSA forgets less than LoRA

Accuracy
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Y-axis shows the average of prediction accuracy on three benchmarks to evaluate model’s

forgetting. Higher prediction accuracy denotes less forgetting.
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Summary

* \We propose RaSA, an extension of LoRA by by allowing partial rank sharing across layers,

which signiticantly improves the efficiency and expressiveness.

e \We provide a comprehensive analysis - both theoretical and empirical - showcasing RaSA’s
superior capacity for matrix reconstruction and its resultant improved performance on
downstream tasks.
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