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• Parameter-Efficient Fine-Tuning (PEFT)

▪ Prompt-based methods

▪ Adapter-based methods

▪ Mapping-based methods

▪ LoRA-based methods

Introduction to PEFT
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• LoRA: Low-Rank Adaptation of Large Language Models1)

▪배경

−효과적인 fine-tuning을위한방법론제시

▪문제

−기존 fine-tuning 방식은 parameter 수와 hardware(GPU) 요구사항이높음

▪ LoRA의목적

−모델의 pre-trained weight을고정한채, weight의변화량을 low-rank matrix로
표현함으로써 parameter efficiency를극대화함

1) Hu, Edward J., et al. "Lora: Low-rank adaptation of large language models." arXiv preprint arXiv:2106.09685 (2021).

Introduction to PEFT
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• LoRA: Low-Rank Adaptation of Large Language Models1)

▪ W 고정, A와 B만학습

−

▪왜 low-rank인가?

−A와 B를통해 ∆𝑊를근사하는과정

҉ 선형대수학의 SVD와유사함

− ∆𝑊를직접저장하는대신 A와 B로표현하여저장공간을절약하고계산량을줄임

1) Hu, Edward J., et al. "Lora: Low-rank adaptation of large language models." arXiv preprint arXiv:2106.09685 (2021).

Introduction to PEFT

< LoRA architecture >
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• LoRA: Low-Rank Adaptation of Large Language Models1)

▪ A와 B의초기화

−A: Gaussian normal distribution을사용한초기화

҉ Random 초기화를통한다양성확보

−B: 영행렬로초기화

҉ 처음단계에서 pre-trained weight만으로모델출력결정

1) Hu, Edward J., et al. "Lora: Low-rank adaptation of large language models." arXiv preprint arXiv:2106.09685 (2021).

Introduction to PEFT

< LoRA architecture >
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• LoRA: Low-Rank Adaptation of Large Language Models1)

▪성능

1) Hu, Edward J., et al. "Lora: Low-rank adaptation of large language models." arXiv preprint arXiv:2106.09685 (2021).

Introduction to PEFT
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1) Hu, Edward J., et al. "Lora: Low-rank adaptation of large language models." arXiv preprint arXiv:2106.09685 (2021).

Introduction to PEFT
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• VeRA: Vector-based Random Matrix Adaptation (ICLR 2024)

• DoRA: Weight-Decomposed Low-Rank Adaptation (ICML 2024 Oral)
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• Introduction

▪연구배경

−LoRA 방식은효율적이지만, 여전히많은수의 parameter를필요로함

−개인화작업에서효율성이떨어짐

▪제안방식

−LoRA보다더적은 parameter를사용하여유사한성능을제공함

• Contribution

▪ Low-rank matrix 대신 random matrix를사용하고, trainable scaling vector를추가

▪모든 layer에서동일한 random matrix를공유하여 parameter 수를크게줄임

1) Kopiczko, Dawid Jan, Tijmen Blankevoort, and Yuki M. Asano. "VeRA: Vector-based Random Matrix Adaptation." The Twelfth International Conference on Learning Representations.

VeRA: Vector-based Random Matrix Adaptation1)
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• Method

▪ W와 A, B를고정하고 scaling vector b, d를학습함

−  

▪  A, B는모든 layer에똑같이적용됨

▪ b는 0으로초기화, d는 1로초기화

−LoRA와동일하게시작

1) Kopiczko, Dawid Jan, Tijmen Blankevoort, and Yuki M. Asano. "VeRA: Vector-based Random Matrix Adaptation." The Twelfth International Conference on Learning Representations.

VeRA: Vector-based Random Matrix Adaptation1)

< LoRA > < VeRA >



12

• 왜고정된 A와 B로도충분한가?

▪ Random matrix의표현력

−Random matrix A, B는고차원공간에서거의직교한 row(column) vector를생성함

҉ Vector가모두독립적임

−모든 r-rank matrix ∆𝑊는 A와 B가제공하는기저의선형조합으로표현됨

҉ Scaling vector b, d는기저를조정하는역할

1) Kopiczko, Dawid Jan, Tijmen Blankevoort, and Yuki M. Asano. "VeRA: Vector-based Random Matrix Adaptation." The Twelfth International Conference on Learning Representations.

VeRA: Vector-based Random Matrix Adaptation1)

데이터에맞춘기저를
직접학습함

데이터에필요한
방향성을학습하고
기저를조합함

< LoRA > < VeRA >
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• Parameter Count

▪ Layer 개수 𝐿𝑡𝑢𝑛𝑒𝑑 에비례하여 parameter 증가

▪ VeRA의효율성

−LoRA의 parameter 개수

҉  2 × 𝑑𝑚𝑜𝑑𝑒𝑙 × 𝑟 × 𝐿𝑡𝑢𝑛𝑒𝑑

−VeRA의 parameter 개수

҉ 𝑑𝑚𝑜𝑑𝑒𝑙 + 𝑟 × 𝐿𝑡𝑢𝑛𝑒𝑑

1) Kopiczko, Dawid Jan, Tijmen Blankevoort, and Yuki M. Asano. "VeRA: Vector-based Random Matrix Adaptation." The Twelfth International Conference on Learning Representations.

VeRA: Vector-based Random Matrix Adaptation1)

A, B의크기

b의크기 d의크기

LoRA

VeRA
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• LLM 관련

▪ GLUE(General Language Understanding Evaluation) benchmark

−RoBERTabase, RoBERTalarge 사용

1) Kopiczko, Dawid Jan, Tijmen Blankevoort, and Yuki M. Asano. "VeRA: Vector-based Random Matrix Adaptation." The Twelfth International Conference on Learning Representations.

VeRA: Vector-based Random Matrix Adaptation1)
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• LLM 관련

▪ E2E benchmark

−GPT2 Medium, GPT2 Large 사용

1) Kopiczko, Dawid Jan, Tijmen Blankevoort, and Yuki M. Asano. "VeRA: Vector-based Random Matrix Adaptation." The Twelfth International Conference on Learning Representations.

VeRA: Vector-based Random Matrix Adaptation1)
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• Vision 관련

▪ Image classification

−ViT-B, ViT-L 사용

1) Kopiczko, Dawid Jan, Tijmen Blankevoort, and Yuki M. Asano. "VeRA: Vector-based Random Matrix Adaptation." The Twelfth International Conference on Learning Representations.

VeRA: Vector-based Random Matrix Adaptation1)
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• VeRA: Vector-based Random Matrix Adaptation (ICLR 2024)

• DoRA: Weight-Decomposed Low-Rank Adaptation (ICML 2024 Oral)
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• Introduction

▪연구배경

−LoRA는 FT 대비학습용량에서제한이있음

▪제안방식

−LoRA를사용해방향을업데이트하고, 크기는별도로학습함

• Contribution

▪ Weight 분해를통한학습용량의확장

▪추가 inference cost 없이도 FT와유사한학습성능제공

1) Liu, Shih-yang, et al. "DoRA: Weight-Decomposed Low-Rank Adaptation." Forty-first International Conference on Machine Learning.

DoRA: Weight-Decomposed Low-Rank Adaptation1)
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• 학습패턴

▪ FT vs LoRA

−FT

҉ 모든 weights를학습가능한상태로설정

҉ Weights를자유롭게업데이트

✓크기와방향을모두자유롭게업데이트한다고볼수있음

−LoRA

҉ ∆𝑊만업데이트

✓Low-rank 근사에의존함

✓크기와방향이비례적으로업데이트됨

• 복잡한패턴을학습하는데제한적일수있음

1) Liu, Shih-yang, et al. "DoRA: Weight-Decomposed Low-Rank Adaptation." Forty-first International Conference on Machine Learning.

DoRA: Weight-Decomposed Low-Rank Adaptation1)
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• Method

▪ Weight의크기와방향성분분리

−  

▪업데이트된 weight

−  

1) Liu, Shih-yang, et al. "DoRA: Weight-Decomposed Low-Rank Adaptation." Forty-first International Conference on Machine Learning.

DoRA: Weight-Decomposed Low-Rank Adaptation1)

< DoRA architecture >
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• LLM 관련

▪ Commonsense reasoning

1) Liu, Shih-yang, et al. "DoRA: Weight-Decomposed Low-Rank Adaptation." Forty-first International Conference on Machine Learning.

DoRA: Weight-Decomposed Low-Rank Adaptation1)

Rank가 DoRA의절반
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• LLM 관련

▪ MT-Bench

−답변평가 benchmark

1) Liu, Shih-yang, et al. "DoRA: Weight-Decomposed Low-Rank Adaptation." Forty-first International Conference on Machine Learning.

DoRA: Weight-Decomposed Low-Rank Adaptation1)

b

d

A

B

< DVoRA architecture >
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• Image-Text Understanding

• Video-Text Understanding

• Visual Instruction Tuning

1) Liu, Shih-yang, et al. "DoRA: Weight-Decomposed Low-Rank Adaptation." Forty-first International Conference on Machine Learning.

DoRA: Weight-Decomposed Low-Rank Adaptation1)



24

감사합니다


	기본 구역
	슬라이드 1: Parameter-Efficient Fine-Tuning (LoRA-based)
	슬라이드 2: Outline
	슬라이드 3: Introduction to PEFT
	슬라이드 4: Introduction to PEFT
	슬라이드 5: Introduction to PEFT
	슬라이드 6: Introduction to PEFT
	슬라이드 7: Introduction to PEFT
	슬라이드 8: Introduction to PEFT
	슬라이드 9
	슬라이드 10: VeRA: Vector-based Random Matrix Adaptation1)
	슬라이드 11: VeRA: Vector-based Random Matrix Adaptation1)
	슬라이드 12: VeRA: Vector-based Random Matrix Adaptation1)
	슬라이드 13: VeRA: Vector-based Random Matrix Adaptation1)
	슬라이드 14: VeRA: Vector-based Random Matrix Adaptation1)
	슬라이드 15: VeRA: Vector-based Random Matrix Adaptation1)
	슬라이드 16: VeRA: Vector-based Random Matrix Adaptation1)
	슬라이드 17
	슬라이드 18: DoRA: Weight-Decomposed Low-Rank Adaptation1)
	슬라이드 19: DoRA: Weight-Decomposed Low-Rank Adaptation1)
	슬라이드 20: DoRA: Weight-Decomposed Low-Rank Adaptation1)
	슬라이드 21: DoRA: Weight-Decomposed Low-Rank Adaptation1)
	슬라이드 22: DoRA: Weight-Decomposed Low-Rank Adaptation1)
	슬라이드 23: DoRA: Weight-Decomposed Low-Rank Adaptation1)
	슬라이드 24


