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1. LORA: Low-Rank Adaptation of Large Language Models
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• 기존 LM 활용방법: one large model → multiple downstream models (task adaptation)

• 이때모든weight parameters를 재학습하며많은시간과비용이소요

• Low-Rank Adaptation (LoRA) 은 low-rank를 이용하여시간, 자원비용을줄이고자한방법

• Measuring the Intrinsic Dimension of Objective Landscapes

• Intrinsic Dimensionality Explains the Effectiveness of Language Model Fine-tuning

• 위두개의논문등에서 over-parameterized model은 low intrinsic dimension으로존재하고있다는사실에기반

• 이에model adaptation 동안의 weight change에도 low intrinsic rank를 가질것이라는가정에기반하여

low-rank방법론을적용

1. Introduction

1. LORA: Low-Rank Adaptation of Large Language Models
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• 모델의 pretrained weights는 freeze시키고몇개의 dense layer만 학습

• Dense layer의 weight를 low rank로 decompose하는matrices만을학습시키는

방법

• W는 freeze, A, B만 학습하고W에더해줌

• Pretrained model을 가지고있는상태에서특정 task에 adaptation 학습된 A, B만

저장하면되고, 또 다른태스크에 adaptation하기위해서는 A’, B’만 갈아끼우면되기에

storage, task switching면에서매우효율적

• Inference latency를 야기시키지않고, efficiency와 model quality간의 trade-off가

발생할경향이낮아짐

1. Introduction

1. LORA: Low-Rank Adaptation of Large Language Models
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• LoRA는 training objective에 agnostic하지만본논문에서는 large language model에 맞추어설명

• Φ의 parameter를 가지는 pretrained language model 𝑃!(𝑦|𝑥)은 GPT와같은multi-task learner

• 이러한 PLM이 adaptation 될 downstream task는 context-target pair의 데이터 𝑍 = {(𝑥" , 𝑦")}"#$,…,'를

가짐

• 기존 full fine-tuning은 모델의 pre-trained weights Φ(로 initialized, 아래 objective를 최적화하며

Φ( + ∆Φ를업데이트

2. Problem Statement

1. LORA: Low-Rank Adaptation of Large Language Models
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• Full fine-tuning은 각태스크를위해 |Φ(|와같은크기의 |∆Φ|를매번재학습해야함

• LoRA는업데이트해야하는파라미터 ∆Φ를 ∆Φ = ∆Φ(Θ)와같이 encode하여훨씬작은사이즈의파라미터

Θ로대체해서학습

• 최적의 ∆Φ를찾는태스크는 Θ를최적화하는것으로대체됨

2. Problem Statement

1. LORA: Low-Rank Adaptation of Large Language Models
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• LoRA는 adaptation동안 low intrinsic rank를 가진 weight로 update하는방법

• 𝑊( + ∆𝑊를𝑊(는 frozen, low rank로 decomposition된 𝐴 ∈ ℝ)×+, 𝐵 ∈ ℝ+×, 만학습:𝑊( + 𝐴𝐵로

업데이트

• 𝑊( 와 ∆𝑊 = 𝐴𝐵 는같은입력 𝑥에곱해지며출력은 coordinate-wise하게 sum

• 𝐴는 random Gaussian, B는 0 initialized (학습시작시 ∆𝑊 = 𝐴𝐵 값은 0)

• 이후 ∆𝑊𝑥를 -
+
로 scale 시킴 (𝛼 = 𝑟, 𝑟값을변화시킬때 hyper-parameter 재조정필요성을줄여줌)

• Trainable weights를 최소화하기위하여 Transformer의 attention weights (query, value) 에만적용

3. Our Method

1. LORA: Low-Rank Adaptation of Large Language Models
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3. Our Method

1. LORA: Low-Rank Adaptation of Large Language Models

Decomposition matrix 𝐴, 𝐵

Set scaling 

Freeze pre-trained weights 𝑊!

Initialize 𝐴, 𝐵

𝑊!

𝑊! + 𝐴𝐵(
𝛼
𝑟
)
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• GPT-2 Medium, Large에 대해실험

• Adapter! adapter를 self-attention과 residual 

connection 사이에 (original)

• Adapter" MLP와 LayerNorm 다음에있는 efficient 

design (Lin et al., (2020))

• FT#$%& 마지막두개레이어만학습 (Li&Liang, (2021))

• PreLayer이전레이어에서계산된 prefix embedding	

위치의 activation이 trainable	parameter로대체

• 베이스라인의성능을비슷하거나더적은

수의파라미터로넘는경우를많이보임

3. Experiments

1. LORA: Low-Rank Adaptation of Large Language Models
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• GPT-3 모델에서도다른방법론에비해더적은파라미터로더좋은성능을보임

3. Experiments

1. LORA: Low-Rank Adaptation of Large Language Models
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• Optimal rank?

• 매우작은 r에도학습을잘함, 태스크마다분석이필요할듯

3. Experiments

1. LORA: Low-Rank Adaptation of Large Language Models
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• LORA-FA: Memory-efficient Low-rank Adaptation for Large Language Models Fine-tuning

• LLM.int8(): 8-bit Matrix Multiplication for Transformers at Scale

• Inference 속도향상을위해 Transformer의 feed-forward, attention projection layer의 행렬연산에 Int8 사용

• QLORA: Efficient Finetuning of Quantized LLMs (Guanaco)

• Pretrained weights을 4bit quantization, 그 후 LoRA weights를 더하는방식으로학습

• QuIP: 2-Bit Quantization of Large Language Models With Guarantees

• 2-bit LLM compression 가능성보임

Quantization & Memory Efficiency

1. LORA: Low-Rank Adaptation of Large Language Models
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2. Stack More Layers Differently: High-Rank Training Through Low-Rank Updates
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• Machine learning 분야연구추세 - “stack more layers” 많은파라미터를가지는네트워크를학습

• Large models의 접근성을좋게하는 parameter-efficient fine-tuning (PEFT) 방법론의중요성증가

• ReLoRA는 high-rank network를 학습시키기위하여 low-rank 업데이트를활용하는방법

• Regular network training과 비슷한성능달성

• Multi-billion-parameter network의 efficient training을 가능하도록함

1. Introduction

2. Stack More Layers Differently: High-Rank Training Through Low-Rank Updates
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• LoRA는 𝐴, 𝐵의matrices를 학습시켜학습이끝난후 original parameter에 더함

• 학습시간동안전체업데이트는각각의 individual matrices보다는높은 rank를 가질수있지만, LoRA는

rank 𝑟 = max7!,7"rank(𝑊8𝑊9)로제한됨

• 만약 LoRA를 restart할 수있다면, 𝑊8와𝑊9를학습동안merge하고matrix value를 reset할 수있다면

update의 total rank를 늘릴수있음

2. Method

2. Stack More Layers Differently: High-Rank Training Through Low-Rank Updates
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• 이를반복한다면전체네트워크업데이트는다음과같이됨:

• 전체업데이트는 𝑁번의작은업데이트의합, 기존 LoRA rank 𝑟보다더큰 rank를 가지게됨

• 하지만 restart를 naïve하게구현하는것은모델이 diverge하도록만들수있기에쉬운문제가아님

• Merge후 restart때 기존의 gradient moments를 사용하면새로학습이아닌기존과같은 subspace를

최적화하도록만들기에 optimizer도 reset시킴

2. Method

2. Stack More Layers Differently: High-Rank Training Through Low-Rank Updates
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• ReLoRA에서merge-and-reinit을 하는동안 optimizer 

state역시 reset을 시키며 learning rate도 0으로초기화및

warmup 수행

• ReLoRA는업데이트에있어효과적인 rank를 증가시키고자

하였으며, optimizer reset과 jagged scheduler를 통해학습

안정화

2. Method

2. Stack More Layers Differently: High-Rank Training Through Low-Rank Updates
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• LlaMA구조와비슷한 Transformer 레이어모델을 C4 데이터셋에학습

• Rank는 128 사용, effective attention을 위해 bfloat16, Flash attention 사용

• Control은 low-rank 학습때와같은파라미터수를갖는 full-rank 모델

3. Experiments

2. Stack More Layers Differently: High-Rank Training Through Low-Rank Updates
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• 𝑊:, 𝑊;, 𝑊<, 𝑊)=>? matrices의 singular value 비교

• LoRA보다 ReLoRA가 full-rank training과 더비슷함

3. Experiments

2. Stack More Layers Differently: High-Rank Training Through Low-Rank Updates
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3. Experiments

2. Stack More Layers Differently: High-Rank Training Through Low-Rank Updates
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3. LoraHub: Efficient Cross-Task Generalization via Dynamic Lora Composition
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• Large language models의 큰파라미터때문에 fine-tuning에서의 computational efficiency와 memory 

usage를 줄이기위해 LoRA 계열연구가많이진행됨

• 기존 LoRA 연구에서는각태스크혹은도메인에 specialize되도록학습

• 본논문에서는 LoRA 모듈이 unseen task에 대해효율적으로일반화하도록구성할수있을지에대해연구

• LoRA 모듈이자동으로 assemble 되도록하여 human expertise에 대한의존을낮춤

• 다양한 LoRA 모듈이특정학습을위해사용될수있기에 LoraHub learning 방법론이라고칭함

1. Introduction

3. LoraHub: Efficient Cross-Task Generalization via Dynamic Lora Composition
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• Large language models의 큰파라미터때문에 fine-tuning에서의 computational efficiency와 memory 
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• 본논문에서는 LoRA 모듈이 unseen task에 대해효율적으로일반화하도록구성할수있을지에대해연구

• LoRA 모듈이자동으로 assemble 되도록하여 human expertise에 대한의존을낮춤
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1. Introduction

3. LoraHub: Efficient Cross-Task Generalization via Dynamic Lora Composition
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• 이전에학습하지않았던새로운태스크 𝒯@를잘수행하는 cross-task generalization 능력

• 그중제한된몇개의 labeled examples 𝑄만이주어졌을때 pre-trained large language model 𝑀A 해당

태스크를수행해야하는 few-shot learning

• 𝑀A을직접 fine-tuning하여𝑀B로업데이트하는방식은좋은성능을낼수있지만, inefficient, time-

consuming하며 𝑄가적을때 unstable함

• LoRA는전체모델이아닌외부의작은모듈에대한튜닝만을필요로하며적은수의 examples이 주어졌을때

빠르고강건한 adaptation이 가능하지만,너무적은수의샘플 (e.g., 5 pairs)로는낮은성능을피할수없음

• 따라서 LoRA 연구는같은태스크내에서학습및평가에사용되었음

2. Methodology

3. LoraHub: Efficient Cross-Task Generalization via Dynamic Lora Composition
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• 𝑁개의태스크에각각학습시킨 𝑁개 LoRA 모듈 {𝑚$, … ,𝑚'}

• LoraHub learning: (1) Compose, (2) Adapt phase

• Compose: 각 모듈에 𝑤" coefficients를 곱해하나의모듈로더해만든 D𝑚 (𝑤"는 positive or negative)

• Adapt: 𝑀A에 D𝑚이더해지고새로운태스크 𝒯@에대한평가에사용

2. Methodology

3. LoraHub: Efficient Cross-Task Generalization via Dynamic Lora Composition
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• 이후 gradient-free algorithm을이용하여주어진 𝑄 샘플로 𝑤를업데이트하는데사용

• 𝐾(=40)번의스텝을 iterate하고 optimum performing LoRA 모듈을𝑀A 에적용

• 최종 LLM은𝑀B = LoRA(𝑀A , D𝑚)

2. Methodology

3. LoraHub: Efficient Cross-Task Generalization via Dynamic Lora Composition
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• LLM: Flan-T5 Large

• LoRA modules: Flan-T5 학습시사용한 200여개의태스크에각각학습

• Pre-filtering: Compose 전 20개의 LoRA 모듈을랜덤으로선택

• Dataset: Big Bench Hard (BBH) – 다양한도메인의multiple-choice questions 중 27개태스크선택

• LoRA rank: 16, Batch: 64, LR: 1e-4, Epochs: 10

• Gradient-free method: Nevergrad optimization library 

3. Experiments

3. LoraHub: Efficient Cross-Task Generalization via Dynamic Lora Composition
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• 5 samples, 5 runs

• (1) Zero-shot learning (Zero), (2) Few-shot in-

context learning (ICL) , (3) Few-shot LoraHub

learning (LoraHub)

• LoraHub에서사용하는토큰수는 Zero에서와동일하고

ICL 보다작음

• Inference cost와 직결되는입력길이를줄이며 ICL보다

적은수의토큰으로비슷한성능을보임

3. Experiments

3. LoraHub: Efficient Cross-Task Generalization via Dynamic Lora Composition



30 / 33

3. Experiments

3. LoraHub: Efficient Cross-Task Generalization via Dynamic Lora Composition
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• Examples 수를늘렸을때 Full-finetuning (FFT), standard LoRA, LoraHub 방법의비교

• Binary classification, multi-class, text generation

• Examples 수가 20개보다더적을때 LoraHub이 LoRA보다더좋은성능을보임

3. Experiments

3. LoraHub: Efficient Cross-Task Generalization via Dynamic Lora Composition
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• 가장유용한 Top 5 LoRA 모듈 (27개의 BBH 태스크중)

• 독해와추론능력을내재적으로요구하는복잡한태스크가 cross-task transfer에 도움

3. Experiments

3. LoraHub: Efficient Cross-Task Generalization via Dynamic Lora Composition
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