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Adaptation Fine-tuning Based on Singular Value Decomposition
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Abstract: The rise of large language models has profoundly impacted natural lgnguage processing.‘ With the growth of
computational resources and the expansion of model sizes, the potential applications of large language models in natural
language processing are increasingly evident. However, the widely used low-rank adaptation (LoRA) method faces
challenges related to fine-tuning efficiency and storage-costs as moael sizes increase. To address this issue, this study
proposes a singular value decomposition-based adaptation fine-tuning method. This method only requires the diagonal
matrix and scaling vector obtained frgmksingulaf value decomposition to be trainable parameters, achieving performance
improvement in multiple natural language processing tasks while reducing training costs. Experimental results show that
the proposed method outperforms other methods of the same order of magnitude in GLUE and E2E benchmark tests.
Compared with commonly used parameter-efficient fine-tuning methods, it demonstrates significant advantages in
reducing the number of trainable parameters and improving fine-tuning efficiency, achieving the highest performance
gains in experiments on the fine-tuning efficiency of trainable parameters. Future research will focus on optimizing the
proposed method to achieve more efficient fine-tuning in a wider range of tasks and larger-scale models.

Key words: parameter efficient fine-tuning (PEFT); large generative model; deep learning; domain adaptation; limited

computational resource

O FETH: HK HARFHEEES (61976053, 62171131)
WA N ] : 2024-06-06; 45 B [H]: 2024-07-10; S FH IR [A]: 2024-07-18; csa 7ELE H AR [H]: 2024-11-25
CNKI [ %% & K I []: 2024-11-26

276 W5t JF K Research and Development

© EREERREST  hup/iwww.c-s-a.org.en


mailto:ggd@fjnu.edu.cn
http://www.c-s-a.org.cn/1003-3254/9731.html
http://www.c-s-a.org.cn/1003-3254/9731.html
http://www.c-s-a.org.cn/1003-3254/9731.html
http://www.c-s-a.org.cn/1003-3254/9731.html
http://www.c-s-a.org.cn/1003-3254/9731.html
http://www.c-s-a.org.cn/1003-3254/9731.html
http://www.c-s-a.org.cn/1003-3254/9731.html
http://www.c-s-a.org.cn/1003-3254/9731.html
mailto:cas@iscas.ac.cn
http://doi.org/10.15888/j.cnki.csa.009731
https://cstr.cn/32024.14.csa.009731
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

20254F 55344 55 13

http://www.c-s-a.org.cn

i H AR SN A

AR, A R BT 22 /S A o BUPS T EE R
B ARFEM TN LLM FIWE R E S 3] 718 KRR
(HEE, Hod 4 N8 H 12k & 72 ChatGPT HHEH, 51k
TAS )2 9. GPT-3. ChatGPT. LLaMA. C0»
— 5. BT HEEY, SRS HESERER
WG EdE, 76V 24084 4 B3 T It m2t. |/
BT GPT-4 5 PaLM 2 fE= % AL QB I RTHT 548 7
OHAT, X LB HORIENGIR . 2B 5L TAE 153
TR P

TR AR S w3 et 7 i A T G Y b gk AT />
R, KIRTTE T E SR, R KRR Bt T
R BUAE R (1) R . A% Gt 1) R A5 FH 10 2 1T 2k A5 L R
AR TN SRR, SRR IS IR B AT 55 5y R 2 IXFRLE
T A A AR S B 0 T kT DR SR T
LR RE. SR, BEE B S HOABEI R 22K, 25
SR 1 ) DR 5 7 B R B V7
R T, 300 TR MR B S R T LK
PIPkAR. LAk, £ R S5 I S ROR I Zhid FE
FHKENZSH S SFECE A RZALEE T B 55 1) @
XA R HBFR ) 1 R R AR A B s s AR
VAL

SR WM (parameter efficient fine-tuning,
PEFT) £ AR B 75 CR e 872 A e 77 1 R B, A8 i ik
WD TS HORIE MR E AT 45 PEFT BRI CEEAE TR
S BB G 4y 2 8, AU /NS 4> 8 e I N D
ek UM B S NI S U (Y S 2 0] L AN Y iy
H14Z BRI LE, PEFT S INE 2L, & H T R
TR 38 28 RN S B

SRIM, Ding 25 NYHEST T 1200 5 C R ) NLP

SR S0, R IR 0.5% 4% WIRRFLSE A T it
10 122400 TSR . BB R 075 A 2 00 ) — A
o 5 R L 0 SERN S 0 iE e A R UK . A Sy
FHBAT 2 10 PEFT 77 1%, LoRACE T i S
PR BRIy — A 235 1 B 3R B A B P 7 7 3R
AALAETH S FEIR EARR T — N ER ki, 7 5]
R T TR 8.

N T R PX — XS, QLoRAE LoRA fI%&: At b
1T 4 bit SEAHR, HE— B T R R o i 5
1715 R R IR 7 VA RO T (R PR A
1] ph T P 7 I 1 S0 P 72 /S B2 . HL QLORA ek
A /1> B E SR A A R, 38 ST AT 45

24000 ROR . 35K R R SR P 0 P42 ) T AR Ak,
EL TR0 il T A 2 DR 25 32 1 I 40 1T 22 B B
AT 5 RAIE RT3 77,

45 ETR, LoRA TEAE G771 il it i b S 4080
P47 3R, 2B 7 S B 2. JATT, QLORA JL4%
A TERAL 7 T U T 250, (E7E T Y125 5 ¥R i
BRI A AR . AR T — R T2
A 43 R & N O 777 (singular value decomposi-
tion based adaptation, SvdA), ﬁﬁ@ﬁﬁ Jam R s T
PR, AR R,

1) 410 T T 75 A 2 R 1 B AR
W SydA, 6 AN MR 1A, 3 T LoRA
e P 5 I T 1| 25 5 M

2) A T IE SvdA 7 FRK [ 520K 2 75 s 5 R B
RSO0 R, ST R BN RS BT (vector-
based random matrix adaptation, VeRA) #£47 T % Eb 5K
5. SEHLE R R, SvdA JIETETE M 5 URRIRTR T,
et 05 T A S S 00 45 B S W SvdA JTIRAERIAL
S B B A R, 075 IS B AT A .

3) % SvdA J5i% 5 LoRA. VeRA S 77
(5 4R B (GLUE) il 4R1E 2 2 A (E2E) St b
HEAT T SEBOATHe, AEW T SvdA J7 A0 RUHE.

4) WF I 4 2 40 AR J7 1 7E RTE 1145 b ik
A28 2. SRl ss TR W, SvaA BN 1k 10T %%
SH RGO R

. \
1 A= TAF
SR TN 2B ) AR T TR B, [
P 1165 72 S VR AR 4 T LBk 6 24 BT 8 2 IR
FROER B b, 2 O T 50 R A48 g TR .y T
S — B R, 55 R 77 T A — Rl 5 e,
ot KT BT R R R T AR 457, (o i
A/ B, SR RO IR B K R A 1 AT
%, W W A0 F T 23 KOS U4 K 748 SR 16 2 o
TR
FLAATI S, 2508 MR 7 1 035 4 R i
A 7 VS 396 R B T BT ) — 0 B K
S S ER A T 3 0 7 95 N T DA T ik
IR 2 R I B IR 52 2, DU 73 4T %0
BT BT A A R O TR W R A S B,
FEY DAV R BT (i L T 6 2 ¥ 7 R0 i o

Research and Development ff 77 & 277

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20254F #5344 55 11

SE SR RY () 2 B0k SEBLROR, o — Rl oy 30U K BUE
SRR Z ANy, DME R IEHLE RGOS 1l 1 B,

HO S H 72 B AT R I 2 m i
W 773, AR T H At 2R 2R 1) 5 vk, e A R R T U 25
ZHE, W3 TS0 A M BE. Aghajanyan 55
AU T — B0 444 Intrinsic SAID (#5357 2 54k )y

+ Ladder-side tuning

» (IAy
+ AttentionFusion
» LeTS

TG AN T

- BitFit

+ Attention tunning
» Diff-pruning

» FAR

* LoRA

+ AdaLoRA
+» QLoRA

+ GLoRA

+ VeRA

%, BITVAIE L Fastfood A8 U my 4k 7] B 4352 B 4k
23 [, T EE 5 2 B A RS 1) SET . A ATT RO T
B, H L 0 SR R TR A A — PR ZE 5 14 58 2 ik
T3, AR 5 &S BRoR M 5. AT, BT
7 B A AR A S kAT S, DR SRR B K A
RESNPIN LD

PIEPIRES

5
\

« Prefix tuning
+ AdaMix

+ MAM adapt&
« Paraller adapters

BN g %

HH 2R Tk

L ]

K1 S Es R kil e

fICRRIE MM (LoRA) (A% O AR K Tl )l et
RGBT VR 45, JE5 0TI R AR R 3 B N 2
Transformer 2244 . FAR KU, &7 R aA R E w¥e
ROV 55 e 18 0 AN T Y 2 B RR AR R, 5 1 MR RS
AR T YE, 55 2 NEFE BeR™ H St 4k, A
JEYERE r A SRASERUGOR 5 FE R ) AR ERE, H. r<min(dl,
d2). Horb dl. d2 R BRI 4 R A A O\ 4
FE, (D) I x k560 RoREN . i H R AE A
B, AWeR™ " FoRZIZ M1 B A . X Fh=
WO x + b AEIUE (1 [ 44 3 s
h= W(O)x+AWx+I;(0)‘
= WO x + BAx+5O

e

(1)

AT 7)) LoRA J5 A8 I 2M #5434k
% LLaMA-7b BERL 34T R0, KA 8 4~ NVIDIA A100-
40 GB GPU. 455 2R, LoRA L5 —5 %7 7h,
MAZHMIHE 31 h. LoRA B EHTH 7 A 2%, 1
b A5 R TR A PR H K, R 4 A AN B R O T
AR AR L

3 I8 4 P (R SE BB (AdaLoRA)! )
H AR AR YR BN 2 55000 B B R B E 343 BC vl 0 2 4
[T, AdaLoRA %K H 75 A 4 i T 0k 2

278 W7t JF K Research and Development

LR LA . R B8 7 SN SUHLEE T KB SVD
SEE, T UV RO R L SR A 0, M
TG 52 VU T 4E. 3 (2) T PER™™, QeR™
R FB R I AR™ 5375 R AR 51 3 A
BE, A LA A AR () < < L riemin(dl, d2), Foft
108 15 LORA H1208L. 5 T (R AE VI 4T e
A B HITIEHA 0P FLO ST FR B L M 4T 4A AL X T
b= WO%+ 5O SR I E iy
h=WOx+AWx+b©®
= WOx+PAQx+b? (2)
AdaLoRA R L LoRA B /AT I 452 5,
i FL7E % 565 AL T LoRA. #F {5 4R 7 v 76 3L
R T A . BT RO S, 7 A ) I
L 2 0 4 1 5/ U L AR, R R A
22 19 24 000 68 A0 5 B T 3 K i 152
L9k AdaLoRA 18 T 118 75 S 40 P 1 1 S 4,
{EAFLL LoRA, AT YI4RZ 0 3 %4 5 3. 250
(177 347 PISSAPY, B AR 2E 2 KU)W H ol 75 o 4
T AR AR, (B R LI R LoRA %5 H. I8
B, F 3 7 A B 5 o Y T 27 B AR 2
PR 8.

© TEREBIK R

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

20254F 55344 55 13

http://www.c-s-a.org.cn

i H AR SN A

E T B B FEE R (VeRA) PR R 5
RS FC— FEKs 55 15 40 MR A AR A rT N 2R3 4,
JEH4 LoRA Hh )38 5250 B 4 008 45, 4 N S 1 4
T R AE SRR R B R 3E LR AT 45 1 i AR
VeRA XA FH 48 il vy &= A ol I 2R 350 7RI 4Rt 72
o, LEAERE AB I G IR RS, LR A 2
5 A A7t 25 0], IR VeRA I » AN 77 B
RRRH. T ART AyeR™ ™, AyeR™, HAh #7518
X5 LoRA HFZRAL. %t Fh=WwOx+ 0O EXURRIIER
&8 N:

h=WOx+AWx+p©®
=WOx+ApBAAx+ b0 (3)

I i HH S B B S B OO T R E R

ALY RAE R 5 R B AT 0 () 454, TR e AT T/ A
%HTT/\FE%MWHEEHTIEUEM& BT, SHE U

iﬁmﬁﬁnﬁﬁm%#ﬂTﬂuﬁ?ﬁxﬁzﬂﬁﬂwm)lléﬁ%
iﬁz RN IX — ki, VeRA FINT a0 S A,
7 2 3 FRAR 7SI BT 7T AR . Zhang 25 AU B 72
322, LoRA 5L VeRA W) A, B FFEIFIE IR 5 B,
IX R A HAT BA TR A REAE B B AR DG . Y
FRPEAR B FFAE BRI, JX A RFE AR SCME 2 IR 7
B3 i 77 1 R FLAJC R 1) B0 T R E N 5 R R B B
SRR E AR, (R K (T BRI T RO AT 55 1 A 4.
DAtk 75 B3 — S5 B 90 U o] F 2 55 m U R A 3
FH S AE o R T I,

2 BT AT A 3 AR 3G B

FE S RO AU, A Ros b NS 8 E

JEHIE T L fﬂﬁﬁ?%ﬁ%“%ﬂi?fﬂﬂé&%ﬁ@%#ﬁ%
BEE ] 45 I 1 25 A6 3 SE B2 4 v 8O, (BT AR 7E —
Pk ASC IR T B S R S R R (SvdA)
T3 ¥, TR T 46 T R AT AR A R AR A
KA — 4L M 2AE T 2R S50, A RO T 47
fit A5 PERE 2 [ O &, 0¥ 7 A8 20 A 280
TS H S ST R T TSR
2.1 HEENX

S 5eH 7 A, SvdA R4S T IR IR FERE W,
RS A R S il AR BEAE A T SR S 52
LR B ) SR BRI, SvdA YRS T B A S E
O3 R A BGPTSR B, R X A A e R

A BCRZER M E RIS, B G, 753 R A8 2 il A5 B 2 B
TN T AR & b, %A A B AL
oy

1) & S H 7 A FE: SvdA DLAT S AE 70 il I B
e R SR, e R EEE USHE R
) B RE B VAR SN 46 ) & ) 3 AR Bl A R
fE AR B T R RE AR I 1 B EAE S, R A AT DA e B
TR AR P ) . AR SR AR, X R T R
% DR IR R BAERG E U\ffﬂ%f%*%ﬂ [ A& e YRR ]
SETH.

2) 4 EKWE‘ (scallng vector) G i) B R R R
XA YT ks VeRA 45 i B 4 )
Bk 1 BISEIE AR, SvdA BRI L 5 & i 7 S
Oy FEAF R AT SERUE. D T B R A 2R
SvdA BIN T 28 2 ANRTRR & b, 8 I A4 i R & E
L AN L AT e ) B R, VLI 2. G ISR 4 i
) &, 7] DA A) L A A 1 R R A 5T B R A B
T B 0 7 ) 2o S 5

SvdA TEA R b & T 5 3 2 50k 1) S 50m RO
D532, I A A ) SR R S A T AR N R
LR R R (1) 55 B, SIZEI T AR PR 8 B B . AR AR R AR
w7 DLE ST SR | SR AU o R R
W& CEHERE Y BEA 2 %%%ﬁﬁ#ﬁ’]ﬁﬁﬁfﬁ Y d1>d2 i,
UGRledZ\ VE d2 d2 é{ﬁ)ﬁlmisele \ bERl dl éld1<
d2 I, UeR™ " VeR™ ™, 4l & seR" "'\ beR" .
T = WO b O | BB (101 [ 3 -

s h=WOOx+ AWx+p©

= WOx + AyUA VT x+ 5O 4)

Horb, XHAMERE A=diag(s). A,=diag(b), HA7F 5 )&

M5 LoRA HZRL 45FE UMV 245 HEsE =1
PR R, TEYI RIS AR TP ORFFERAS, TR AA o5 48 A7 0
5], 4 I b AN s S AT Y ZRIN, 24 ) X A 1) B
(B BN AT 3E B R 9FAE 4% SvdA FH%E Bk a0
il J T SR B MR AE D Rl I ZR 2 40, T R A A
I3 JE A5 30 1) TE A8 AR B R AR UE O 45 I S 1. SvdA
I A FE R B A B R AA A 4E T  &, 1X
LR T LR IR B ARR AR, 34 R I T WSk
T, R T NG R e . XRER R R R T A
B 53 R AE 2 305 U0 D7 v B AR B TR I B A T
AN TR T4

Research and Development fiJf 72 7 & 279

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20254 55344 11

Pretrained weights H Pretrained weights

3:% ! W e R
|

H Pretrained weights
Ir @ RJ\:I

SR A

22 OMEERE L

T4 e 5 AR T 2 BB R BV, X
AR B 98 2 5 P M LA - LA R 5 312,
Saxe 2 N9 B0, 38 e A AR A TR ALy T
SR, VA E £ o 25 9 4 T ) SR S S50 52 11 .
TS 25 2 S 47 V2 060 2 I 4 R 9 P 2526,
58824 PR TE 22 2 SRR ARV 65 S TE A2 M, DA 0
M5 55

FLpHL, FEVTEAL R R e, SvdA %% R F A
e 308 47 7 S48 43, 75 5036 2 TF 20 48 B RSE B U
VHERE. AL AR IR, SvdA Rt U, Vil

e

B EAT BUAI BE 5 200, T 2K B AT 1R 4, U\f@ﬁﬁ#&%
R 1) I AT ﬁ?*?ﬂﬁﬁf%%%ﬁﬁ%ﬁ@?&iﬁﬁ@
il T%fﬁ?%ﬁ?\\ﬁ‘]ﬂl]%ﬁ?‘fﬁ*ﬂ LIS%?AUEJE

T R ARAS S L T 1 A B B AN B2 B, S
FEAasn & b WA 0. FERE AL OATE S5, it &
F A 73 fAAS B 6T A 7 B RE B A 2 1R B N A T
)&, DAIE Ak e FR AL 2 000 R IR R SR AT
) B s FEWIARAGIN, W] DU £ Ok B 7 S8, B0 P 1B
BRNAETE. K 2 $84E T SvdA F4E R E Y
.
2.3 HiR&E

E2E (end-to-end NLG challenge dataset)"”’f y—
ANE HIRTE T AR BT FE a2 SR FH R R v R 4R,

280 #iff 72 H & Research and Development

i

2 BHEE IR TR

Ho 3 H b A HE B i 2w B AAE T ARG
ZHHE AL F KL 50000 X (115 R IR A R H AR
A, AR IR BT B e 2 T, 1B RN T A ) & A
JENE, T H AR SCA IR AR5 X L 8 AR R B ARE S
k.

TEAEFH E2E £ 40K B 2815 5 A2 BRe S, 18
i 22 R 2 B A B R4k 4R 5 FEART M 2 T
BRI R, e R R TR [ 2%, NIST?)
RXf BLEU {8, 18 T n-gram 195 WL, (8%
L n-graim DR 338 £ . METEOR 3 %

H&’Eﬂc\ [ SR DEC DA K 1] e el &8 A Bl SO AR
22 A Z 1A I AHALRE . ROUGE-LP M & —Fh 3 F 7
[B] S AR AL B B, R TR S B B S e o ik
FE sz, i CIDErS i TF-IDF AL n-gram JT
BC R VPl A2 O AR 5 228 U R R AR AL .

GLUE Z:AEPYH— 251 H 4815 & B A A0 2 sl AT
%4 . GLUE BIA%CAT 55 B4 Hff g B0 ) iR VA HERA T
RIAE55 CoLA; i i H A1) {5 I I 1 %5 SST-2; Al s />
)T A AR RE S MRPC; 58 P A 0] f 2 7515
NCEEY I QQP; 753 SR RUEE 1 & 9 A~ ) - B AR ALL
1) STS-B; 7E 2 A% FU IR 55 A il R 284 Tl SC A 26 5 e
718 MNLL; 4 8347 0 28R (R i o v BB S
W E 55 1 QNLIL; LA ST A ok B &R R B £ s 1 SCA
251155 RTE.

© MEREEBIK T

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

20254F 55344 55 13

http://www.c-s-a.org.cn

i H AR SN A

GLUE HI E2E EUETE % B A0 HES) T I Zidst
RURE 20, I 38 AN 5 (04 45 R0 48 Al A L f 4 T
PRER AL T IR SZILAE . X SRR R AR HE T BERLAE [ AR
VB & HRAR A AE SO TH ) RE IR TE, B N HE— B SR
ST SRR AL R B B AL T R B (K BEUR R S A A,

3 Sk

AR AT R AL, DAV SvdA 7 BT
. SvAA ¥4-5 FA LI PCA 7 VEEAT LU, IR e
1142 ARV 25 A2 WA LR Y MO 4 E iR, 0 T
PRGN Tk 2500 SCR ORI BT 26, SE0 4 T
RoBERTa-base 5 5154 -5t L AN [R] 2 e U Jy vk
#£ GLUE ZE#Ef) RTK 55 BRI S HU%%. /£ GLUE
SEAMEF ) MNLIAE 55 L i B X FSE S, s SvdA X
R4 77 K 6 TR S O AR et

LoRA %3833 R A MR AT 45, e 7 i
SRR (R R R — B 2 7 (R
JUISF, 33 S5 7 30 T AU F 7 0 2 S S A 94
T, JAE 51N R BT 7T A B R A Hh K,
{ELthy T A 38 UL A5 F AU M EE 2 R, SvdA J7idNy
3 R 3, 76 S A A PR AR T
3.1 £

B 7 HH LoRA 15 VeRA [I53645 BAF Jy A sk
B (KL AN, SvdA LKA L T SELE AT VPR bR A
%t L.

SR (FT): He BRI A R T 58
BUE AR, T 192 B AT B 5. R T S6 3o

(B 2R S B TAR R & HofhJ=, R 5388 GPT-2.

TR I i 2 10 1), 7

i B (BitFit): 76 1R St . 52
0% M BitFit R&RiE 772 4 (IS5, SRR t
FHAET LoRA /7B H 0

G #2780 (Adapters): % 7 ¥E7E Transformer Bt
Z AN EE RS, FHFSEEW & T 2 AN E
R ERC A% B Houlsby 25 NP7 i 5. (10 3&E Bic 2%, id
N AdptH. HoR & Fe 48 150 F 7k 22 IE Bl N B3 = 0L
H 5 BT 4 M 2% 2 2 1], Lin 28 APS$ 0 J7E % R
FINUBIEAT LayerNorm 2 J5 45 Hifi A — MEEC R E 1Y
D7, I8 AdptL. 2R TAEIE A Pfeiffer 25 AUV
TAE BT, 189 AdptP. H Riicklé%s AUOHR
M FE 2R, i B A BRI d B A% 2 R 5 AR, il

A AdptD.

F A A A A R (PISSA): — Rl ] £ A Rl
F EAYIIEI LoRA ARFRAEFE I 75i%. FAIsLseh,
FREETTYI LS B S % E 5 LoRA S2it—5, %
B Meng 26 APY T 1B g FoAh i3 .
3.2 BRIBSEREETINTE

LUK T GPT-2 B8 78 E2F ¥ #: Bl AT
R, FEXF GO IS 1 B SR TE B AR LR T IEAT T VR A. 82
IS8T Hu %/\[S]E@iﬁﬁ,ﬁﬂﬂ)\T Kopiczko
% NP F VeRA [1H5E. SvdA 88—/ NVIDIA
4090 24 GB GPU, _FJg K, 183 it 2 H i ket e 2 )

S T 85— epoch 145 BT 45 kR
. LSRR, SvdA fERFFE VeRA MU A AT I
SN R, 76 B ARE 5 A 2 B bR BE
T VeRA. W15 1 FivR, WA RS (*) MIEmd R
B H 2 A TAE. 5 LoRA #H L, SvdA KIATIIZRZ %
7 350 E; 5 VeRA #HLL, SvdA 7E 2 TifE s Fik
B AR, 78 S R I T A R

K1 AE E2E FEAEN B EAN RO T AR S 45 R

gz

HiE BLUE NIST METEOR ROUGE L CIDEr
HE M)
FT* 35492 682 8.62 46.2 71.0 247
AdptL*  0.37 66.3 8.4l 450 | 698 2.40
AdptL*  11.09 68.9 _ 8.71 46.1- 71.3 247
AdptH*  11.09 673 © 85 460 70.7 2.44
LoRA* 0.35, | 68.9478.69 46.4 71.3 2.51
PiSSA 035 685 8.62 46.2 70.8 2.44
VeRA* © 0.098 70.0 8.81 46.6 71.5 2.50
SvdA 0.098 70.1 8.82 46.7 71.4 2.54

3.3 BRIESIEMREE T

TS24 % H] RoBERTa-base #7%, 7F GLUE &
HE EVPAE T SvdA 5 ik ZEEHENNR K ARAE S I
Wi CARZS . B B HBEZAMES.
B 5 Hu 2 NP —80 TS H08R S50 5 SvdA
#43 SEB6E— > NVIDIA 4090 24 GB GPU _Ej#47.

B KH T CoLA MK, STS-B I KK
AR IME, DA HAAT 25 OB B M A R PR SR B, 7E BT
AAEOUT, E AR R s T RERR AT, Seae gt Bk 2 Fiox,
75 B AR E 5 BEARRE J1 00T, SvdA ML A [H) &
FAT YIS0 VeRA, I T 5 075 19135
PERE.

Research and Development iff 7 & 281

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

i E R %N

http://www.c-s-a.org.cn

20254F #5344 55 11

22  7F GLUE FuER _EAS B0 773210 9256 45 51

gz

ot =L MNLI SST-2 MRPC CoLA QNLI RTE STS-B Avg
HE M)

FT* 125 87.6 948 902 63.6 928 78.7 912 852
AdptL* 0.1 84.7 937 92.7 62.0 91.8 815 90.8 854
AdptL* 0.3 87.1 942 885 60.8 93.1 71.5 89.7 83.0
AdptH* 0.9 873 947 884 62.6 93.0 759 90.3 84.2
LoRA* 0.3 87.5 951 89.7 63.4 933 86.6 91.5 86.6
PiSSA 0.3 869 946 882 60.6 922 762 89.0 84.0
VeRA*  0.031 — 945 897 641 919 758 903 84.4
SvdA  0.036 855 93.8 90.0 64.6 92.0 77.6 90.9 84.9

N T RN T A TR OB JvE X i 2R 2 KA
IR, LI ITAL 1A FR0R J7VAfE RTE 455 Lk
REM 2R 1 5, 8 &AM U7 4 MNLIAESS Bl Z5
3 BB AR Dy SEERE A, IR 5 7 SR HERE A b kAT

RTE 155 (M. e, AR Ja R 5 kv |

HEAT HERE R 25 1 LB R RS TG R0t

ACCUTACYmethod — ACCUTACYbaseline

- x100%  (5)
parametersmethbd

Hdr accuracy pemod %ﬁ? method fi il 7 72:4E MNLI /£
%5 L1 RoBERTa-base f7 G 2f) RTE fEbrifEafi %,
1M accuracypemoq WK MNLI AF-5515 2R, B %)
RTE 1155 XA RTE FRARER . parameters yenod
FORIR TR TN 2R 2 H 0, ok E I bRl
GBHENO, LIS R 3 PR, 45 R E W, SvdA
JPEEREIE I 1k BTSN T, 38 T &M
PRV FE Y 7.

82727
80 75.16

70 |
60 |
50 |
40 |
31.81
30 |
20 |
10 }

Performance gain (%)

1036 8.77 7.96 10.28

BitFit AdptH AdptP PiSSA LoRA VeRA SvdA
(0. 3M) (0. 3M) method

K3 RoBERTa-base H/I7E RTE (£ 55 LA 1k 2%
M RERY 2R X L

3.4 FHFRRIRAK

HI T VeRA )3t =200 B AN 7 A0S A7 it 45 1R,
Hor EHATERRFRN. fE3ET VeRA SERI, E#%—
ANIEEH) r B — D EA PR R L T SvdA
T ISR R BAE PRy S S R0 B, JLA Rk
M. Bk, B AR R SR IR T S AR SR SR

282 i FH K& Research and Development

1 TAER.

Kopiczko 25 AP 7t TAEH, N T 4% LoRA
1 VeRA 7E RTE {155 ERIBAERCR, fH T W4LfkIf
FEHAT T 25, R 5 NFRAE it S 5 e 3
FREE B4R T 7 RE M, BAEARFME S h F 4 —
ANEA FIRRTCHE 2B InAA Y TAE &

LI SvdA 5 G RTHE AL RILE4F 1) VeRA
FPXFEE, JEMER SvdA Jivd s A REE m O 1S 2 AR
RSB £ 5. X T VeRA 19 9:56, ¥¢11H] Kopiczko
& \ P27 RoBERTa-base i%ﬁ'flj (22 =] 2 28, 1 A
k=11, 4, 16, 64, 256,.1024} $E1T % S8, 4 45 R
5 SydA 7B RTE ML %5 F 12k SR AT % b, A5 =R )
FE SVAA HE AR —EBSH, FIK SvdA SR8 HLIK
45 BAE NS VeRA BT LB R FE 4L .

2 rank fE4 1024 B, H5K K] NVIDIA 4090 24 GHz
GPU ki £ VeRA SR 7K. Kk, RHAH —ik
NVIDIA A100 40 GHz GPU 3K 5 1% rank A 1024 #R4>
ISzt Seu6 45 RN, M ELT VeRA ik, 78 RTE /£
% b, SvdA J7iERILEAE, WAl 4 s, 24 VeRA J7ik
B rank {64 1024 B, SvdA 575 DLEE /D B S286 pl AN B
13T BRI R

78.0
Rl e e e s
770 t
765 t
76.0 t

755 |

75.09
750 |
45 [14.37 7437

74.0

73.5 | ___SvdA
73.0 L

Accuracy (%)

-

n
—

1 4 16 64 256 1024
Rank

K 4 SvdA fil VeRA J7¥E7E RTE 1£55 LRIPERE

4 dig5REYE

ZS'E i W LR e EL X Wy (AP NA T T RFS
(SvdA), B FEMfEKTE = A B AE S R 28R ANAT fif A
7 T AP 368 T K T 5 MR 20 RS B FD X R AT
A AR AT ISR S, SvdA FTETEZ A HARE S &
BRSSP R t, Bk 7 AR S B E MG &
Tl R0 T (A Pk A S o R SRR B
KEAF A, Rl 0 = 4ERE . SvdA 38 51 A\ 44

© TEREBIK R

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

20254F #5344 5511

http://www.c-s-a.org.cn

i H AR SN A

L A T IR 20, T 36 P 4 A R £
T RESHE AT, 17t T AR,

T3 AR R BRI L ) I AR AT 75

SR, A SR 7T A7 — SE R IR PE. B4, SvdA

— BRIk,

AR F AR T LU U T 5, IAEf
A fA Lt — 20 itk SvdA 752, DA AR T M
RRAS YA B )32 A 55 B I8 B AN R Fk, w7 an
AT BEAT R8N Svd A T3k, BURER KRR e A 27
I ZRTR K Bm, TRE SvdA IS H A RO E AR
iy, DASEELHE v S AR ARl .

—_

[\S)

w

W

oo

10

&30k
Zhao WX, Zhou K, Li J, et al. A survey of large language
models. arXiv:2303.18223, 2023.
Thirunavukarasu AJ, Ting DSJ, Elangovan K, effal. Large
language models in medicine. Nature Meglicine, 2023, 29(8):
1930-1940. [doi: 10.1Q38/S41 591-023-02448-8]
Brownlee J. How to avoid overfitting in deep learning neural
networks. https://machinelearningmastery.com/introduction-
to-regularization-to-reduce-overfitting-and-improve-generali
zation-error/. (2019-08-06).
Ding N, Qin YJ, Yang G, et al. Parameter-efficient fine-
tuning of large-scale pre-trained language models. Nature
Machine Intelligence, 2023, 5(3): 220-235. [doi: 10.1038/
$42256-023-00626-4]
Hu EJ, Shen YL, Wallis P, ef al. LoRA: Low-rank adaptation
of the 10th
Conference on Learning Representations.
OpenReview.net, 2022.

of large language models. Proceedings

International

Dettmers T, Pagnoni A, Holtzman A, et al. ‘QLORA: ‘

Efficient finetuning of quantized LLMs. Proceedings of the

37th International Conference on ! Neural Information
Processing Systems. New Orle':ms: Curran Associates Inc.,
2023. 441, h

Doering N, Gorlla C, Tuttle T, et al. Empirical analysis of
efficient fine-tuning methods for large pre-trained language
models. arXiv:2401.04051, 2024.

Lialin V, Deshpande V, Rumshisky A. Scaling down to scale
up: A guide to parameter-efficient fine-tuning. arXiv:2303.
15647, 2023.

Liu X, Zheng YN, Du ZX, et al. GPT understands, too. Al
Open, 2023. [doi: 10.1016/j.ai0pen.2023.08.012]

Liu X, Ji KX, Fu YC, ef al. P-tuning: Prompt tuning can be
scales and tasks.

comparable to fine-tuning across

11

12

13

15

18

20

Proceedings of the 60th Annual Meeting of the Association
for Computational Linguistics. Dublin: ACL, 2022. 61-68.
Chavan A, Liu Z, Gupta D, et al. One-for-all: Generalized
LoRA for arXiv:2306.
07967, 2023.

Aghajanyan A, Gupta S,

parameter-efficient fine-tuning.

Zettlemoyer L. Intrinsic
dimensionality explains the effectiveness of language model
fine-tuning. Proceedings of the 59th Annual Meeting of the
Association for Computational Linguistics and the 11th
International Joint Conference qn Natural Language
Processing. ACL, 2021. 7319-7328.

Sun XH, Ji Y], VMa BC, et al. A"comparative study between
full-parameter and LFoRA-based fine-tuning on Chinese
instructioﬁ data for instruction following large language
model. arXiv:2304.08109, 2023.

Zhang QR, Chen MS, Bukharin A, et al. Adaptive budget
allocation for parameter-efficient fine-tuning. Proceedings of
the 11th
Representations. Kigali: OpenReview.net, 2023.

Zhang ZM, Ely G, Aeron S, et al. Novel methods for
multilinear data completion and de-noising based on tensor-
SVD. Proceedings of the 2014 IEEE Conference on
Computer Vision and Pattern Recognition. Piscataway:
IEEE, 2014. 3842-3849.

Hastie T, Mazumder R, Lee JD, ef al. Matrix completion and

International ~ Conference on  Learning

low-rank SVD via fast alternating least squares. The Journal
of Machine Learning Research, 2015,%16('1): 3367-3402.

Feng X, Yu WIJ, Li YH. Faster matrix completion using
randomized | S{ZD. Proceedings of the 30th IEEE

Ingematiohal Conference on Tools with Artificial

Intelligence. Volos: IEEE, 2018. 608-615.
Zhang J, Lei Q, Dhillon IS. Stabilizing gradients for deep

neural networks via efficient SVD parameterization.

Proceedings of the 35th International Conference on Machine
Learning. Stockholm: PMLR, 2018. 5801-5809.

Yang HR, Tang MX, Wen W, et al. Learning low-rank deep
neural networks via singular vector orthogonality
regularization and singular value sparsification. Proceedings

of the 2020 IEEE/CVF Conference on Computer Vision and

Pattern Recognition Workshops. Seattle: IEEE, 2020.
2899-2908.

Chen YY, Tao QH, Tonin F, et al. Primal-attention: Self-
attention through asymmetric kernel SVD in primal

representation. Proceedings of the 37th International
Conference on Neural Information Processing Systems. New

Orleans: Curran Associates Inc., 2024. 2840.

Research and Development fJf 73 & 283

© TEREBIK R

http:/fwww.c-s-a.org.cn


https://doi.org/10.1038/s41591-023-02448-8
https://doi.org/10.1038/s41591-023-02448-8
https://doi.org/10.1038/s41591-023-02448-8
https://doi.org/10.1038/s41591-023-02448-8
https://doi.org/10.1038/s41591-023-02448-8
https://doi.org/10.1038/s41591-023-02448-8
https://doi.org/10.1038/s41591-023-02448-8
https://machinelearningmastery.com/introduction-to-regularization-to-reduce-overfitting-and-improve-generalization-error/
https://machinelearningmastery.com/introduction-to-regularization-to-reduce-overfitting-and-improve-generalization-error/
https://machinelearningmastery.com/introduction-to-regularization-to-reduce-overfitting-and-improve-generalization-error/
https://machinelearningmastery.com/introduction-to-regularization-to-reduce-overfitting-and-improve-generalization-error/
https://machinelearningmastery.com/introduction-to-regularization-to-reduce-overfitting-and-improve-generalization-error/
https://machinelearningmastery.com/introduction-to-regularization-to-reduce-overfitting-and-improve-generalization-error/
https://machinelearningmastery.com/introduction-to-regularization-to-reduce-overfitting-and-improve-generalization-error/
https://machinelearningmastery.com/introduction-to-regularization-to-reduce-overfitting-and-improve-generalization-error/
https://machinelearningmastery.com/introduction-to-regularization-to-reduce-overfitting-and-improve-generalization-error/
https://machinelearningmastery.com/introduction-to-regularization-to-reduce-overfitting-and-improve-generalization-error/
https://machinelearningmastery.com/introduction-to-regularization-to-reduce-overfitting-and-improve-generalization-error/
https://machinelearningmastery.com/introduction-to-regularization-to-reduce-overfitting-and-improve-generalization-error/
https://machinelearningmastery.com/introduction-to-regularization-to-reduce-overfitting-and-improve-generalization-error/
https://machinelearningmastery.com/introduction-to-regularization-to-reduce-overfitting-and-improve-generalization-error/
https://machinelearningmastery.com/introduction-to-regularization-to-reduce-overfitting-and-improve-generalization-error/
https://machinelearningmastery.com/introduction-to-regularization-to-reduce-overfitting-and-improve-generalization-error/
https://machinelearningmastery.com/introduction-to-regularization-to-reduce-overfitting-and-improve-generalization-error/
https://machinelearningmastery.com/introduction-to-regularization-to-reduce-overfitting-and-improve-generalization-error/
https://machinelearningmastery.com/introduction-to-regularization-to-reduce-overfitting-and-improve-generalization-error/
https://machinelearningmastery.com/introduction-to-regularization-to-reduce-overfitting-and-improve-generalization-error/
https://doi.org/10.1038/s42256-023-00626-4
https://doi.org/10.1038/s42256-023-00626-4
https://doi.org/10.1038/s42256-023-00626-4
https://doi.org/10.1038/s42256-023-00626-4
https://doi.org/10.1038/s42256-023-00626-4
https://doi.org/10.1038/s42256-023-00626-4
https://doi.org/10.1038/s42256-023-00626-4
https://doi.org/10.1038/s42256-023-00626-4
https://doi.org/10.1016/j.aiopen.2023.08.012
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

I WA

http://www.c-s-a.org.cn

20254F #5344 551

21

22

23

24

25

26

27

28

29

30

31

Meng FX, Wang ZH, Zhang MH. PiSSA: Principal singular
values and singular vectors adaptation of large language
models. arXiv:2404.02948, 2024.

Kopiczko DJ, Blankevoort T, Asano YM. VeRA: Vector-
based random matrix adaptation. Proceedings of the 12th
International Conference on Learning Representations.
Vienna: OpenReview.net, 2024.

Tao SY, Shen CY, Zhu L, et al. SVD-CNN: A convolutional
neural network model with orthogonal constraints based on
SVD  for
Computational Intelligence and Neuroscience, 2020, 2020:
5343214.

Saxe AM, McClelland JL, Ganguli S. Exact solutions to the

nonlinear dynamics of learning in deep linear neural

context-aware  citation  recommendation.

networks. Proceedings of the 2nd International Conference
on Learning Representations. Banff, 2014.

Brock A, Donahue J, Simonyan K. Large scale GAN training
for high fidelity natural image synthesis. \Proceedings of the
7th International, Conference 0;1 Learning Representations.
New Orleans: Open‘Re'\./iew.net, 2019.

Sun YF, Zheng L, Deng WIJ, et al. SVDNet for pedestrian
retrieval. Proceedings of the 2017 IEEE International
Conference on Computer Vision. Venice: IEEE, 2017.
3820-3828.

Novikova J, Dusek O, Rieser V. The E2E dataset: New
challenges for end-to-end generation. Proceedings of the 18th
Annual SIGdial Meeting on Discourse and Dialogue.
Saarbriicken: ACL, 2017. 201-206.

Papineni K, Roukos S, Ward T, ef al. BLEU: A method for

automatic evaluation of machine translation. Proceedings of

the 40th Annual Meeting of the Association for
Computational Linguistics. Philadelphia: ACL, 2002 |
311-318.

Doddington G. Automatic evaluation of machine translation
quality using n-gram co-ocourrence sta;tistics. Proceedings of
the 2nd Internatignal Conference on Human Language
Technology Research. San Francisco: Morgan Kaufmann
Publishers, 2002. 138-145.

Banerjee S, Lavie A. METEOR: An automatic metric for MT
evaluation with improved correlation with human judgments.
Proceedings of the 2005 ACL Workshop on Intrinsic and
Extrinsic Evaluation Measures for Machine Translation
and/or Summarization. Ann Arbor: ACL, 2005. 65-72.

Lin CY. ROUGE: A package for automatic evaluation of

284 L H K& Research and Development

32

33

34

35

36

37

38

39

40

41

summaries. Proceedings of the 2004 Workshop on Text
Summarization Branches Out. Barcelona: ACL, 2004. 74-81.
Vedantam R, Lawrence Zitnick C, Parikh D. CIDEr:
Consensus-based image description evaluation. Proceedings
of the 2015 IEEE Conference on Computer Vision and
Pattern Recognition. Boston: IEEE, 2015. 4566—4575.

Wang A, Singh A, Michael J, et al. GLUE: A multi-task
benchmark and analysis platform for natural language
understanding. Proceedings of the 2018 EMNLP Workshop
BlackboxNLP: Analyzing and Interp{eting Neural Networks
for NLP. Brussels: ACL, 2018. 353-355.

Liu YH, Ott l\(l, Goyal N, er*al. RoBERTa: A robustly
optimized BERT prefraining approach. arXiv:1907.11692,
2009.

Li XL, Liang P. Prefix-tuning: Optimizing continuous
prompts for generation. Proceedings of the 59th Annual
Meeting of the Association for Computational Linguistics
and the 11th International Joint Conference on Natural
Language Processing. ACL, 2021. 4582—4597.
Zaken EB, Goldberg Y, Ravfogel S. BitFit:

parameter-efficient

Simple
fine-tuning for Transformer-based
masked language-models. Proceedings of the 60th Annual
Meeting of the Association for Computational Linguistics.
Dublin: ACL, 2022. 1-9.

Houlsby N, Giurgiu A, Jastrzebski S, et al. Parameter-
efficient transfer learning for NLP. Proceedings of the 36th
International Conference on Machine"Leéiming. Long Beach:
PMLR, 2019. 2790-2799.

Lin ZJ, Madott(")_ A, Fung P. Exploring versatile generative
language “model via ‘parameter-efficient transfer learning.
arXiv:2004.03829, 2020.

Pfeiffer J, Kamath A, Riicklé A, et al. AdapterFusion: Non-
destructive task composition for transfer learning.
Proceedings of the 16th Conference of the European Chapter
of the Association for Computational Linguistics: Main
Volume. ACL, 2021. 487-503.

Riicklé A, Geigle G, Glockner M, et al. AdapterDrop: On the
efficiency of adapters in Transformers. Proceedings of the
2021 Conference on Empirical Methods in Natural Language
Processing. Punta Cana: ACL, 2021. 7930-7946.

Radford A, Wu J, Child R, er al. Language models are

unsupervised multitask learners. OpenAl Blog, 2019, 1(8): 9.
(XS i dm: TRER)

© TEREBIK R

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

	1 相关工作
	2 基于奇异值分解的适应微调
	2.1 基本定义
	2.2 初始化策略
	2.3 数据集

	3 实验
	3.1 基线
	3.2 自然语言生成能力测评
	3.3 自然语言理解能力测评
	3.4 寻找秩的成本

	4 结论与展望
	参考文献

