LoRA: Low-Rank Adaptation of Large Language
Models



Motivation

» Neural networks typically contains many dense layers with
full-rank weight matrices

» Aghajanyan et al. [2021] shows that pre-trained language
models have very low intrinsic dimension

» When finetune, why not make updates with low intrinsic
dimension?



Low-Rank Parameterized Update Matrices

Given a (pre-trained) weight matrix
Wy € Rk LoRA constrains the update of

weight with a low rank decomposition Pretrained
Weights

Wo + AWy = Wy + BA, (1) W e R

where B € R¥™*" A € R"™* with r << d, k. N —
To only update A, and B, during finetuning, Figure 1: Low-Rank
Wo is frozen. Adaptation (LoRA)



Low-Rank Parameterized Upadate Matrices

» Gaussian random for A, and zero for B. Hence at initialization
AWg=BA=0

» By increasing r, one can roughly recover full fine-tuning

» At depolyment, by computing at storing Wy = Wy + BA, one
can eliminate additional inference latency



Applying LoRA to Transformer

A transformer block contains two types
of modules that contain dense weight
matrix: attention blocks, feed forward
block (MLP). In this paper, LoRA is only
adapted to attention weights.
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Figure 2: Transformer block



Self-Attention

A self-attention module contains four

dense weight matrices: W, Wy, W, W,.

In this paper, LoRA is only adapted to
Wy and W,.
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Figure 3: Self-attention block



Experiments

Baselines
» Fine-Tuning (FT): Full fine-tuning
» Bias-only (BitFit): Fine-tuning only the biases
» Prefix-embedding tuning (PreEmbed): Prepending learned
embedding of "soft prompt” to the prompt

» Prefix-layer tuning (PreLayer): Prepend learned embedding of
"soft prompt” after every Transformer layer

» Adapter tuning (Adapter): Inserting adapter layers



Experiments

Model & Method |# Trainable

Parameters| MNLI SST-2 MRPC CoLA OQNLI QQP RTE STS-B Avg.
RoBrase (FT)* 125.0M| 87.6 948 902  63.6 928 919 787 91.2 864
RoBa.: (BitFin*® 0.IM| 847 937 927 620 918 840 815 90.8 852
RoBm‘c(AdplD)* 03M|87.1+p 94.2+) 885410 60.8+4 93.1+1 90240 71527 89.7+3 844
RoBy,.. (Adpt™)* 0.9M 194755 88ALy 62629 93.002 9062 7592022 9034, 854

RoBiu.c (LoRA) 03M 95102 89747 63412 93323 90821 86.627 91.5:2 872
ROBlage (FT)* 355.0M 9.4 909 680 947 922 866 924 889
RoBie (LoRA) 0.8M 2 96255 90955 682515 949, 916., 87405 9265, 890

RoBiag. (Adpt™) 30M[90.2:5 96,105 90257 68.3.,, 94.8. 5 919, 838.,, 92.1
ROBiaye ( Adpt")t 0.8M 2 897215 678205 94821 91
RoBiay. (Adpt™)t 6.0M 3 88,7429 665004 94722 92
ROBuuge (Adpt™)t 0.8M 5 8775217 663200 94.722 91

RoBiuye (LoRA ) 0.8M 5902210 682210 94821 9162 852211 92325

DeBuya. (FT)* 1500.0M| 91.8  97.2 92.0 720 96.0 927 939 929 911
DeBxxr. (LoRA) 4TM 9195 96910 926+ 724+ 96,0+, 929, 949., 93.0., 913

Figure 4: Performance on RoBERTa, DeBERTa



Experiments

Model & Method # Trainable E2E NLG Challenge

‘ Parameters ‘ BLEU NIST MET ROUGEL CIDEr
GPT-2 M (FT)* 354.92M | 682 8.62 46.2 71.0 2.47
GPT-2 M (Adapter™)* 037M | 663 841 45.0 69.8 2.40
GPT-2 M (Adapter™)* 1.09M | 689 8.71 46.1 713 2.47
GPT-2 M (Adapter') 1LO9M | 67346 85044 4605 70751, 24440,
GPT-2 M (FT™y* 25.19M | 68.1 8.59 46.0 70.8 241
GPT-2 M (PreLayer)* 0.35M | 69.7 8.81 46.1 714 2.49
GPT-2 M (LoRA) 0.35M | 7045, 8.85.0 468.2 7T18.; 253,
GPT-2 L (FT)* 774.03M | 685 8.78 46.0 69.9 2.45
GPT-2 L (Adapter™) 0.88M | 69.14, 86840 463.p Tldi, 2494,
GPT-2 L (Adapter") 23.00M | 68955 87044 4614,  T13.,  245.,
GPT-2 L (PreLayer)* 0.77M | 703 8.85 46.2 717 2.47
GPT-2 L (LoRA) 0.77M | 7045, 8.89,0 468., T20., 2474,

Figure 5: Performance on GPT-2



Experiments

#Trainable | WikiSQL  MNLI-m SAMSum
Model&Method Parameters | Acc. (%) Acc. (%) RI/R2/RL
GPT-3 (FT) 175,255.8M 73.8 89.5  52.0/28.0/44.5
GPT-3 (BitFit) 142M 713 910 51.3/27.4/435
GPT-3 (PreEmbed) 32M 63.1 88.6  48.3/24.2/40.5
GPT-3 (PreLayer) 20.2M 70.1 89.5  50.8/27.3/43.5
GPT-3 (Adapter™) 7.IM 71.9 89.8 53.0/28.9/44.8
GPT-3 (Adapter™) 40.1M 732 915 53.2/29.0/45.1
GPT-3 (LoRA) 47M 73.4 917  53.8/29.8/45.9
GPT-3 (LoRA) 37.7M 74.0 9.6 53.4/29.2/45.1

Figure 6: Performance on GPT-3



Understanding LoRA

Q. (Under the constrained budget) which weight matrices in
transformer should we apply LoRA to?

A. Small r with more types of weights is better than single type of
weights with a large r

\ # of Trainable Parameters = 18M

Weight Type W, Wp W, Wo W Wi W, W, W, Wi, W, W,
Rank r 8 8 8 8 4 4 2

WikiSQL (+0.5%) | 704 700 730 732 71.4 73.7 737
MultiNLI (+0.1%) | 91.0 90.8 91.0 91.3 91.3 91.3 91.7

Figure 7: Performane of different choices of weights subject to LoRA
application



Understanding LoRA

Q. What is the optimal rank r7?

A. LoRA works well with even with an extremely small r. Also
increasing r does not guarantee better performance.

|  WeightType |r=1 r=2 r=4 r=8 r=064
W, ‘ 68.8 69.6 70.5 70.4 70.0

WikiSQL(£0.5%) w,. W, 734 33 737 T38 T3S

W, W, W, W, | 741 737 740 740 739
w, ‘90.? 9.9 911 907 907

MultiNLI (£0.1%) Wy, W 91.3 914 913 916 91.4

W, Wi, W, W, | 912 917 917 915 91.4

Figure 8: Performance of different choices of r



Understanding LoRA

Q. What is the optimal rank r7?

A. LoRA works well with even with an extremely small r. Also
increasing r does not guarantee better performance.

|  WeightType |r=1 r=2 r=4 r=8 r=064
W, ‘ 68.8 69.6 70.5 70.4 70.0

WikiSQL(£0.5%) w,. W, 734 33 737 T38 T3S

W, W, W, W, | 741 737 740 740 739
w, ‘90.? 9.9 911 907 907

MultiNLI (£0.1%) Wy, W 91.3 914 913 916 91.4

W, Wi, W, W, | 912 917 917 915 91.4

Figure 9: Performance of different choices of r



Understanding LoRA

Q. Why is increaing r not effective?

A. Top singular vector overlap significantly between r = 8 and
r = 64.
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Figure 10: Subspace similarity meansured by the Grassmann distance of
right-singular unitary matrices for r = 8 and r = 64



Understanding LoRA

Q. Does AW highly correlate with W7

A. 1) AW has higher correlation with W' compared to a random
matrix

2) AW amplifies the directions that were not emphasized in W
3) Amplification magnitude is quite large

r=4 r =4
AW, W, Random | AW, W, Random

|UTW,VT||=| 032 20L67 002 | 190 3771 033
[W,llp=6195 | [JAW,[[p =691 |  [JAW,||»=3.57

Figure 11: Performance of different choices of r



Thank You

Q& A
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