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Introduction to PEFT

» Parameter-Efficient Fine-Tuning (PEFT)

A

- Prompt-based methods

- Adapter-based methods
- Mapping-based methods
- LoRA-based methods
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1) Hu, Edward J., et al. "Lora: Low-rank adaptation of large language models."

Introduction to PEFT

« LoRA: Low-Rank Adaptation of Large Language Modelsb
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Introduction to PEFT

« LoRA: Low-Rank Adaptation of Large Language Models?)
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Introduction to PEFT

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

« LoRA: Low-Rank Adaptation of Large Language Models?)

- A%l Bo| 27|35}

- A: Gaussian normal distribution= AtE
::Random Z=7|2t& &% CHYd =HHE

-B: @ HEZ X735}

X7\t

i+ NS EHAO| M pre-trained weight 2t 2 D& &3 A

ﬂ is %
Pretrained w
Weights
e m

Nk <

xl |

< LoRA architecture >

wudkan
SOGANG UNIVERSITY

. H
B e RdX*r A€ Rrxk

r < min(d, k)

VDS

-
‘17
m



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

Introduction to PEFT

« LoRA: Low-Rank Adaptation of Large Language Modelsb

A
O O A
Model & Method # Trainable E2E NLG Challenge
Parameters | BLEU NIST MET ROUGE-L  CIDEr
GPT-2 M (FT)* 35492M | 68.2 8.62 46.2 71.0 247
GPT-2 M (Adapter™)* 037M | 663 8.41 45.0 69.8 2.40
GPT-2 M (Adapter™)* 11.09M | 68.9 8.71 46.1 71.3 247
GPT-2 M (Adapter') 11.09M | 67346 8504107 460+, 7074, 24440
GPT-2 M (FT™P?)x* 25.19M | 68.1 8.59 46.0 70.8 2.41
GPT-2 M (PreLayer)* 035M | 69.7 8.81 46.1 71.4 2.49
GPT-2 M (LoRA) 035M | 70.4.; 885.0 468., 71.8.; 253,
GPT-2 L (FT)* 774.03M | 68.5 8.78 46.0 69.9 245
GPT-2 L (Adapter™) 0.88M | 69.14; 8.68:03 463410 Tl44, 249,
GPT-2 L (Adapter™) 23.00M | 689,35 87040 4614, 7134, 245.0
GPT-2 L (PreLayer)* 077M | 703 8.85 46.2 71.7 2.47
GPT-2 L (LoRA) 077M | 70.4.; 889, 468.5 72.0., 247.ip
# Trainable | WikiSQL MNLI-m SAMSum

Model&Method Parameters | Acc, (?/b) Acc. (%)  RI/RZRL

GPT-3 (FT) 175,255.8M 73.8 89.5 52.0/28.0/44.5

GPT-3 (BitFit) 14.2M 71.3 91.0 51.3/27.4/43.5

GPT-3 (PreEmbed) 3.2M 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') 7.1M 71.9 89.8 53.0/28.9/44.8

GPT-3 (Adapter') 40.1M 73.2 91.5 53.2/29.0/45.1

GPT-3 (LoRA) 4.7M 73.4 91.7 53.8/29.8/45.9

GPT-3 (LoRA) 37.7M 74.0 91.6 53.4/29.2/45.1
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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

= 7 Malladi ct al. [1 7). Koubbi ct al. [ 3] Jang ctal. [14],
Theortical Anstysa§i%) Zhu etal. [15] Zeng etal. [16] ]
Low-Rank Adaptation(§2)
e = i [ReLoRA [17], MoRA [1+], LTE [19], InfLoRA [20],
Beyond Finc-tuning(§24) GS-LoRA [1], I-LoRA [ ), LongLoRA (3],
SinkLoRA [27]
{__ Stacking LoRA salong Fine-tuning(§3.1.1) )—[R:LDRA[ 7], COLA [24], MELoRA [25 ]
{__ Breaking the Low-rank Bottleneck(§3.1) H-{_ Updating as gradient compressor(§3.1.2) )—[ﬂnklu 1 ]
Y Co-learning LLM and LoRA(§3.13) )—[D:lu-LoRA[ g ]
= SVD-Based Methods(§3.2.1) }——[Adal.ollA[:~|. SaLoRA [29], IncreLoRA [ v|]
H Dynamic Rank Allocation(§3.2) H{ SRD-based Methods(§32.2) R:mom"‘f;':&'}“‘]‘ ’}\t":&\“‘["‘)[ k ]
(—{ Downstream Adaptation Improving(§3) H Y Rank Sampling-based Methods(§3.2.3) }—[Dyl»k/\ [ ]
= Initialization Improvement(§3.3.1) ]—[uaymmal [36], PiSSA [17], MiLoRA [3¥] ]
H_Optimizing the Leaming Procedure(§33) H-{(_ Gradient Update Optimization(§3.3 2) )—[g:';'g"‘f Jlml“:l"}/\*] IDOIRxesl»RAI I ]
Y Overfitting Mitigation(§3.3.3) )—[nimu[»]. Lin etal. [46], HiddenKey [47] ]

L{Combining with other Learning Paradigms(§3 4)}—[lzplm-LoRA [44), PILLOW [49], STAR[50] ]

(Wang ctal. [<1], Zhao etal. [+, Smith ctal. <
{Mixture with Manually Designed Weights(§4.1) ConirolPE (), Zhang et a. [+, Chmlc:xal ( oY

Token-Level Adaption (7], BYOM [

MoRAL [¢5], LoRAMoE [(], Mo(‘IFI
H MOELORA [(], Mixture-of-LoRAs [¢],
Y Mixture of LoRA Experts(§4.3) }—{MuliLoRA [70]; MLoRE [ 1], MTLoRA[

MoLA 73], LLaVA-MoL.
Octavius [ ], FastLoRA

o - 7 Asadi etal. [<],LoRAHub [0 ]('omPlFll 1
I ey e }_—( Mixture with Leamt Weights(§4.2) ]—[L»LcRA[ | MixLoRA [¢:], X-LoRA [64 ]

P g1 - kAT AL

}, LoRA-XS [* IBYOMIDRA[ 5

| Parameter Reduction(35.1) Parameter Pruning(§5.1.2) H:ﬁﬁsnmﬂl 1 y-oige oy T l| :

((Low-Rank Adaptation of Large Language Models ]

Parameter Sharing(§5.1.3) )—[Vem\r . VB-LoRA [#9], FourierFT [/0] ]
- - PTQ-based methods(§5.2.1) )—[Ql.oRA[‘ 1. QA-LoRA [97] ]
{ Efficiency Improving(§5) H L =
QAT-base(§5.2.2) )—[Lonm 1, ApiQ [94], L4Q [95] ]
Parallel Fine-tuning(§5.3.1) )—[ASPEN 6] ]
' Parallel LoRA Computing Frameworks(§5.3)
Parallel Inference(§5.3.2) )—[hmica [97), S-LoRA [95], CaraServe [9] ]
= Data Heterogencity(§6.1) ]—[st.oml 00}, FeDeRA [101], FFA-LoRA [107] ]
H Device Heterogencity(§6.2) ]—[chMS[ 03], FlexLoRA [104), HETLORA [10] ]
F—{___ LoRA for Federate Leaming(§6) __H
H ‘Model Heterogeneity(§6.3) ]—[pfedl.oRA[ 6] ]
Y Parameter Privacy(§6 4) ]—[nnmgu al. [107], PrivateLoRA [105] ]
Traditional NLP Task [10-117), CodeTask [115-127),
=l Language Tasks(§7.1) Model Alignment Task [124-111],
Vertical Domain Task [17-141]
L Avplications of LoRAG)___ H{ Vision Task(37.2) )_[:xgﬁ Coriloa Tk [VRETEL, ]
o | ‘Multimodal Tasks(§7.2) ]—[Ql‘d"’::;::"l' 2 '_”_‘]‘F-Texll 83-185], ] V S
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* VeRA: Vector-based Random Matrix Adaptation (ICLR 2024)
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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 Adaptation?

 Introduction
- A H|E
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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 Adaptation!

« Method
-W2t A, BE 183} scaling vector b, d& St& ¢
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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 Adaptation!
.9 IHE A BRE BEBIT

- Random matrix2| H o4 =
-Random matrix A, B= 1Al SZH0| A H 2| &l Bt row(column) vectorS A et
s:Vector7l 25 S &AM A
- 2 = r-rank matrix AW = A2l B7} X

;'+ Scaling vector b, d= 7| M & =78

obl
Ot
rir
N
Rl
o

>.
o
P

9'1-

0
U
Hl
ot
i}

ok 0
rr
12

9_}

dimaut dlmout
1 A

HIO[E 0 &= 7| M E

a2
ESFSRCIEE Eel,

1 shared
Pretrained Weights Pretrained Weights [_ across layers

W e Rdxd
l shared

| across layers

[ - frozen
[ - trainable

AV | VES I

" SOGANG UNIVERSITY 12



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 Matrlx Adaptation!

» Parameter Count

- Layer 0= Lyyneq Ol BI2ISHK parameter S 7t

-VeRAS| 2=

h

Pretrained Weights

W € Rdxd

N

f

LoRA

-LoRAZ| parameter 70— A 8ol 27|

Y e—
2512 X dinodel X T'|X Liynea TN

2 hared

-VeRAZ2| parameter 7<= prevaned weihs
W € Réxd | d=1 | VeRA
(dmodel + X Ltunea ?m e
b9| ﬂjl d9| 37' - :j:::il::ble
LoRA VeRA

Rank |# Trainable Parameters Required Bytes |# Trainable Parameters Required Bytes

w 1 36.8K 144KB 18.4K T2KB

2 16 589 8K 2MB 18.8K 74KB

2 256 9437.1K 36MB 24 5K 96KB

g 1 98.3K 384KB 49.2K 192KB

& 16 1572.8K 6MB 49.5K 195KB

- 256 25165.8K 96MB 61.4K 240KB

n 1 4.7T™M ISMB 2.4M 9.1MB

= 16 75.5M 288MB 2.8M 10.5MB

O 256 1207.9M 4.6GB 8.7 33MB
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SOGANG UNIVERSITY 13 e



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 Adaptation!
« LLM 2+

- GLUE(General Language Understanding Evaluation) benchmark
- ROBERTa,s,, ROBERTay, . AFE

Method | # Trainable | ggp»  MRpC  CoLA  QNLI  RTE  STS-B  Avg.
Parameters
FT 125M 94.8 90.2 63.6 92.8 78.7 91.2 85.2
BitFit 0.1IM 93.7 92.7 62.0 91.8 81.5 90.8 85.4
»  Adpt” 03M | 942401 885+11 608104 93.1:01 71.5i27 897103 83.0
& Adpt° 09M | 947103 884101 626100 930102 759422 903401 842
LoRA 03M | 9514102 897407 634412 933:i03 86.6407 91.5:02 86.6
VeRA 0.043M | 94.640.1 895405 656408 918102 787+0.7 907402 85.2
Adpt” 3M | 96.14+03 902407 683110 948i02 838129 921107 87.6
o Adpt’ 0.8M | 96.6:02 89.7+12 678125 94.8:03 80.1i29 919i04 868
8 AdptH 6M | 96.24+0.3 887429 665444 947402 834411 91.0+17 86.8
< Adpt" 0.8M | 96.3+0.5 87.7+1.7 663120 947102 729429 915105 849
LoRA-FA 3.7M | 96.0 90.0 68.0 944 86.1 92.0 87.7
LoRA 0.8M | 96.24+05 902410 682419 948i03 852411 923405 87.8
VeRA 0.061IM | 96.110.1 909107 68.0+08 944i02 859i07 917108 878
A B
6 SOGANG UNIVERSITY 14



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 Adaptation?
« LLM &

« E2E benchmark
-GPT2 Medium, GPT2 Large A&

Method #Trainable | gy ;' NIST METEOR ROUGE-L CIDEr
Parameters
FT! 35492M | 682  8.62 46.2 71.0 247
= Adpt’ 0.37M | 663 8.4l 45.0 69.8 2.40
g Adpt™! 11.09M | 689 871 46.1 71.3 247
= Adpt™! 11.09M | 673 850 46.0 70.7 2.44
= DyLoRA? 0.39M | 692  8.75 46.3 70.8 2.46
AdaLoRA® 0.38M | 682 858 44.1 70.7 2.35
LoRA 0.35M | 689  8.69 46.4 71.3 2.51
VeRA 0.098M | 70.1 8.81 46.6 71.5 2.50
FT! 774.03M | 685  8.78 46.0 69.9 245
= Adpt™! 0.88M | 69.1  8.68 46.3 71.4 2.49
& Adpt*-? 23.00M | 689  8.70 46.1 71.3 2.45
—  LoRA 0.77M | 70.1  8.80 46.7 71.9 2.52
VeRA 0.17M | 70.3  8.85 46.9 71.6 2.54

S
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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 Adaptation?

« Vision 2t&

- Image classification
-ViT-B, ViT-L AtE

Method | ¥ Trainable | ~1papi00 Food101 Flowers02 RESISC45
Parameters

= Head 1 777 26.1 08 4 67.2

£ Full 85.8M | 865 90.8 98.9 78.9

= LoRA 2049K | 859 89.0 088 777
VeRA 246K 848 89.0 99.0 77.0

. Head 1 794 76.5 98.9 67.8

£ Full 3033M | 86.8 78.7 088 79.0

> LoRA 786.4K | 87.0 79.5 99.1 78.3
VeRA 61.4K 875 79.2 99.2 78.6

SOGANG UNIVERSITY 16 LAB
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* DoRA: Weight-Decomposed Low-Rank Adaptation (ICML 2024 Oral)
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1) Liu, Shih-yang, et al. "DoRA: Weight-Decomposed Low-Rank Adaptation." Forty-first International Conference on Machine Learning.

DoRA: Weight-Decomposed Low-Rank Adaptation!

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

DoRA: Weight-Decomposed Low-Rank Adaptation!

- St I E

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

DoRA: Weight-Decomposed Low-Rank Adaptation!

* Method

- Weight2| 37| e} 2igk M & &2
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- OO E & weight
V+AV Wy + BA

/
-W' =m =m
VAV, (W, + BAJ|.
Pretrained ] — Merged
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1) Liu, Shih-yang, et al. "DoRA: Weight-Decomposed Low-Rank Adaptation." Forty-first International Conference on Machine Learning.

DoRA: Weight-Decomposed Low-Rank Adaptation!
« LLM 2t

- Commonsense reasoning

Model PEFT Method #Params(%) BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-¢c OBQA Avg.

ChatGPT - 73.1 854 68.5 78.5 66.1 89.8 79.9 748 770
Prefix 0.11 643 76.8 739 42.1 72.1 729 540 60.6 64.6

Series 0.99 63.0 792 763 67.9 75.7 745 571 724 708

LLaMA-7B Parallel 3.54 679 764 788 69.8 78.9 73.7 573 752 722
LoRA 0.83 689 80.7 774 78.1 78.8 778 613 748 747

Rank7} DoRAC| X Ht /| DoRA' (Ours) 0.43 700 826 79.7 83.2 80.6 806 654 7716 715
DoRA (Ours) 0.84 69.7 834 78.6 87.2 81.0 819 662 79.2 784

Prefix 0.03 653 754 721 55.2 68.6 79.5 629 680 o684

Series 0.80 71.8 83 79.2 88.1 82.4 825 673 81.8 795

LLaMA-13B Parallel 2.89 725 849 798 92.1 84.7 84.2 71.2 824 B8l4
LoRA 0.67 72.1 835 805 90.5 83.7 828 683 824 805

DoRA' (Ours) 0.35 725 853 799 90.1 82.9 82.7  69.7 83.6 808

DoRA (Ours) 0.68 724 849 815 92.4 84.2 842 69.6 82.8 815

LoRA 0.83 698 799 795 83.6 82.6 798 647 81.0 776

LLaMA2-7B  DoRA' (Ours) 0.43 720  83.1 799 89.1 83.0 84.5 71.0 81.2 805
DoRA (Ours) 0.84 71.8 837 76.0 89.1 82.6 83.7 68.2 824 797

LoRA 0.70 708 852 799 91.7 84.3 84.2 71.2 79.0 808

LLaMA3-8B DoRA' (Ours) 0.35 745 88.8 803 95.5 84.7 90.1 79.1 872 85.0
DoRA (Ours) 0.71 746 893 799 95.5 85.6 90.5 80.4 85.8 852

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

DoRA: Weight-Decomposed Low-Rank Adaptation!
« LLM 2+
- MT-Bench

CF e Pretrained [:‘ — Erpzen Merged
- EFH EH It benchmark Weight Weight
Wy € R™ — Trainable W' e R
Decompose M
Model  PEFT Method # Params (%) Score (Initialize) eIge
LoRA 231 31 Magnitude _____________ Magnitude _____________
. DoRA (Ours) 2.33 55 ; m = ||Wy||. € R™* : : m € R [
ol VeRA 0.02 43 itV T Y
DVoRA (Ours) 0.04 5.0 BlECion; == == S oy . Direction - - - - == - - - - -~ .
/ 1/|[Wolle l ! 1/||V + AV||c |
LoRA 2.31 5.7 i - i o .
) DoRA (Ours) 2.33 6.0 ! Pretrained ' . R\ :
LLaMA2-78 VeRA 0.02 55 : Weight | : 7 b !
3 ' I ! Pretrained I
DVoRA (Ours) 0.04 6.0 : e . : b \ B8 / i
I : ||| v e Rk i :
| : l S | |

S e R P S

< DVORA architecture >
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1)

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

DoRA: Weight-Decomposed Low-Rank Adaptation!

» Image-Text Understanding

Method  #Params (%) VQAY GQA NVLR’ COCO Cap Avg.

FT 100 669  56.7 73.7 112.0 77.3
LoRA 593 652 536 719 115.3 76.5
DoRA (Ours) 3.96 658 547 73.1 115.9 774

 Video-Text Understanding

Method # Params (%) TVQA How2QA TVC YC2C Avg.

FT 100 76.3 73.9 457 154 875
LoRA 5.17 75.5 72.9 44.6 1409 83.5
DoRA (Ours) 5.19 76.3 74.1 458 1454 854

« Visual Instruction Tuning

Method # Params(%) Avg.

FT 100 66.5
LoRA 461 66.9
DoRA (Ours) 4.63 67.6
U szutta VDS
6 SOGANG UNIVERSITY 23
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