g
17
*\\’\\\\\\ II//@

x
'y,

L

D &I RALE =

NANJING UNIVERSITY OF AERONAUTICS AND ASTRONAUTICS

S
%2, 1952° >

" R
I ™

UA

LoRA: Low-Rank Adaptation
of Large Language Models

Edward Hu* Yelong Shen* Phillip Wallis
Zeyuan Allen-Zhu Yuanzhi Li Shean Wang Weizhu Chen
Microsoft Corporation
{edwardhu, yeshe, phwallis, zeyuana, yuanzhil
swang, wzchen}@microsoft.com

&

<




Background

BARESCENE R e AR
Fefi TF0) || 2R B RROIRESRT, BE3)llZk

SIGPTS 17BN, BB RSB (5 MERpITS 1 1BER) A RBr

to
2437 234

um L=

F

2420

. 1
predict 16326 1
4331 |

(N

tok embed

2456 |

[

- posembed (=) —.é)

transformer i

k

layer norm

<

layer norm

¥

7
W,

RS TR

NANJING UNIVERSITY OF AERONAUTICS AND ASTRONAUTICS

&
o “\\llllll//
iy

2,7 1952 °

iy
Yy At

HIESHRIARS A KT,

FOXS i - 4l Z | -

P » \
A

Tokenization  IBERIALIR Token, TRLEFID

j

Embedding $07okenE N ZLE MR,

LB XA E (] ' /
Layer Norm &/ il i v \

Self-Attention 73 #tokenZ [BEITERE,
HIEFBTEHER

MLP(ZEREN, FFN) 3T Arention 3RENEINES
{E#1T SHMk #0812
Transformer 1=ER

Softmax FEERMHITII—1K
Output  $H F—"rokenB IR 21

ES8EE EERENEE, EET—
token, FEBIHTF—
tokenFiill




pd

&
\\ \\\\llm://,,/// \

RS TR

NANJING UNIVERSITY OF AERONAUTICS AND ASTRONAUTICS

Background

1952
\

4, L”j’"“/‘;\ ™

B ABIISSAGRG, EXREATERL, BT b RS
TNLP, T SIS T RIBHIORA, GPI3MEEARIAE DK

it

Tokenization  HEERJALIRE Token, BRLEFID

Q',' K, V= ng, EUWI—{F, ;EWI—/.F (W c RdmodeIdeodez)

Qi K,

\% dhead
MHSA (z) = Concat(heads, ..., head,)W, (Wp € Rbmoder*dmaiet)

head; = Softmax ( + M) Vi G=1.::h)
Embedding {fmvkenit HZERE,

transformeri [ i EEXHUERER
Layer Norm

Self-Attention 9 #frrokenZ [B)EYFERME,
HIE FBITE HERR

MLP(ZREREH], FFN) X Atiention FEEVEIRTYS
1T SH L #1812
Transformer 1REL”

Softmax X4 RTII— 1k |y

Output 5t F— P rokenfOBE ST mgx Z Z log [P-:-{yt]I s Yt )}

(x,y)eZ t=1

4 EMSAER ELEIRE, EEF—
e B oken, F EIENAEEF—1
softmar tokenFiMo




Method BONIE e LB E L

1952

4, [T ; NANJING UNIVERSITY OF AERONAUTICS AND ASTRONAUTICS
U A

?,WI‘]TEFH:.'T{EEHELF\' (Low-Rank Adaptation,LoRA), & /#RE5 1 Fi)l|Zk E,
FigE 2| Transformer{ R REEHIRIET—IR, Mﬁ'ﬁjtjtlﬂz "T_F:ﬁ?
25, éﬂlﬁ’]?ﬁlgo

T 20|
How to predict e Tokenization BT Token, TREFID
2437 284 4331 !
\ / 2456:

[

| peeases(5) ) Pretrained Ny A
Embedding 8 Tokente % 4, Weights | e i

. L3 X B ] / /
: Layer Norm [
Self-Attention 53 #frioken Z IBIBIAERIE, e dxd h — W ; + & W = W + B A g '
R FB A HEE WEeR () I 0.r T

QK =W, aWE, aWy (W, & Rimmtrioust
QK]
V dhead .
T ot d 'y
MHSA(z) = Concat(head;, ..., head,)W, (Wy € Rmodet*Gmodel ) /

headi:Softma,x( —O—M)VE E=1::sR)

LLM

MLP(BERH, FFN) X Attention F2EXEIHVEF
%%ﬁ “H1k g1z

Transformer

Softmax FTERFHITIT—1L

Figure 1: Our reparametriza-

| SR R R tion. We only train A and B. Il
{*ML—‘ _f_) ERSEER BIMIKHE, WET— meax § : E :lﬂg (p‘!’ﬂ +aa(0) (Yelr, Yy ))
= — _ ot e (z,y)EZ t=1
=

_



7
",

\\\\

A B xS

1952 \
'VL”;’"“/\\ ™

Method

#um
\\ \\\\ Iy

NANJING UNIVERSITY OF AERONAUTICS AND ASTRONAUTICS

i%ﬁ]f%tl:.'?{fﬁ%@i_}“' (Low-Rank Adaptation,LoRA), EiR4E 1 Filtil|Zx INE,
FigE Z|Transformerf R REHNE—IE, Mﬁ'ﬁjtjtlﬂz "T_F:ﬁ?
o, éﬁlﬂ’]?ﬁlgo
GPT3-175B: 96 2. hidden size 12,288, 96 4" attention heads

T 20|
How to predict .mm Tokenization  HBEIFIR Token, TBHRIFEID
e 1 h ]
2456 |

e
@ Embedding 1 70ken$ 24615 bretained w d X k= dk dr tr rk = T(d + k
- |transformer i MEEAEES Weights

Layer Norm
1024 x 1024 = 1,048,576
Figure 1: Our reparametriza-

tion. We only train A and I3. W =W,+ BA

Self-Attention 73 #friokenZ [BIBYFE X, I dd
e 7 SRR WER

f\

8192 4 8192 = 16384

T J T

MLP(BERH, FFN) X Attention F2EXEIHVEF
%%ﬁ “H1k g1z

Transformer
Softmax FTERFHITIT—1L
Output 4G F—MokentUIE DT

i *R58EA EIRERE, EETF—
| ‘ _f_) token, #EEI'EI&E;TF—’P
tokenTRMo




RS TR

NANJING UNIVERSITY OF AERONAUTICS AND ASTRONAUTICS

Experiments
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LoRA N R F-IRLEAN B R FE

# of Trainable Parameters = 18M

Weight Type W, Wi W, W, W,Wp W,W,
Rank r 8 % 8 B 4 4

WikiSQL (+0.3%) | 704 70.0 73.0 732 71.4 73.7
MultiNLI (+0.1%) | 91.0 908 91.0 91.3 91.3 91.3

| Weight Type | r=1 r=2 r=4 r=8 r=64

W,.W, | 734 733 737 7138 735
W, 688 696 705 704 700

MultiNLI (£0.1%) | W, W, | 913 914 913 917 91.4

WikiSQL(+0.3%) ‘
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Rank=64 Lt Rank=8 ZHRKHVABL M, FRBETRESHIIZMER,;, BEIEREEZNSM, ) y J jﬁ f‘l

HEEEET y
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| Weight Type | r=1 r=2 r=4 r=8 r=64 s
W'q, W, l 734 733 737 738 73.5 P(Ar=8, Ar=64,1,7) = (LAY W, €[0,1] S

688 696 705 704 70.0 min [ b -?}
MultiNLI (£0.1%) | Wq,ﬂﬂ, | 91.3 914 913 917 91.4
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AWHIWZ [BIHKER

r=4 r=64
AW, W, Random | AW, W, Random

UTW,VT|lp=] 032 2167 002 | 190 3771 033
IWellr =61.95 |  |[AW,||[r =691 |  [[AW,||F = 3.57

FAIJFEGPT-2MIGPT-3_EXFLoRARY i IAERER T 7 E/ENI

. w1 ‘f .
\

A e Method # of Trainable E2E
# of Trainable WikiSQL MNLI-m SAMSum .

Method Kt Accuracy ( %) Accuracy ( %) RI/R/RL . Parameters | BLEU NIST MET ROUGE-L CIDEr
GPT-2 M (Fine-Tune) 354.92M 68.2 8.62 46.2 71.0 2.47

GPT-3 175B (Fine-Tune) 175,255.8M 73.0 89.5 52.0/28.0/44.5 GPT-2 M (Adapter) 1148M | 689 871 46.1 71.3 2.47

GPT-3 175B (Bias Only) 14.2M 713 91.0 51.3/27.4/43.5 GPT-2 M (FT-Top2) 25.19M | 68.1 8.59  46.0 70.8 241

GPT-3 175B (PrefixEmbed) 3.2M 63.1 88.6 48.3/24.2/40.5 GPT-2 M (Prefix) 0.35M | 69.7 881 46.1 714 2.49

GPT-3 175B (PrefixLayer) 20.2M 70.1 89.5 50.8/27.3/43.5 GPT2 M (LoRA) O55M | 704 AR 468 718 2 35

GPT-3 175B (LoRA) 47M | 734 913 52.1/283/443 GPTaL (premy | 07M | 703 s8s 462 17 247

GPT-3 175B (LoRA) 37.TM 73.8 91.7 53.2/29.2/45.0 GPT-2 L (LoRA) 077M | 704 889 468 72.0 247
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e SAM3 Model Architecture
with Full LoORA Adaptation
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