WATHE B it (=) HL = Eire Vol. 47 No. 11
2024 4 11 A CHINESE JOURNAL OF COMPUTERS Nov. 2024

RBZRPORREFTRIBFIEEZNRE]
s£% FEE A B FE#

DO FRHE RSP EAURN 5 TR ¥R A 611731
DRI REFE TGRS TRE%EE Bl 200092)

B

OB DAPRIRESEITE A RE T M T AL L AR 2 4 S T AU T B ORA T RO HE S 1A
TR REPOR (Y S S 1T R 2 >0 B0 A A R T B R O Ul A T I ) R ORI B T A A R T T TR R R Rk
FAIZ AL HE 3 A& J . SR T B A2 200 LA B0 AN BT 396 A L A% G 1) 3 B8 2 > D ¥ T e o TR A 8 B IR R Bk A
AL R AT o AR PR T AE SR UR A B R R B TT AR R RO B o o S L T A L R T DL B/ 1Y BT IR T 4
SRR A PR 3 T -5 TR A RO AR R N TR RE AR S R Y S B R 1. AR SO e B AR e ) B 1
HICERA . RGBS T T 5 AFRIZTUR B WE TS S . A SCH e M T W o 24 o Sk 18 A AR TR = 0 B S LA
AN 2 RSB R = R 5R BT BUIR SRR T8 OB R 25 R R T R 2 B PR R A (R D GEACR
T2 BT B A 2 B R R R R k. TR LRl b AR SO & R U AT T e T R R S AL
ST T BN RS SRR, A SO FE TN T - (D X m SO R 2 A U AT T RGEA M LRR 5 SR oY i
T IERIBAR S5 (2) i T — PRk T HOR B2 10 23 JEME S 5 Bl i3 2 DR S 8 0% U A B S K 4 5 (3) TRA I
Br 1 BA T7 I R IR R B T R ORI S FE T 1) » B A —JE B9 I IS PR A S R S R B e ) SR R HE S BN
T REBARE BET 57 7 9 QB BOR A AR TE L vh /A olb A AR P 52 2 3 OR824 3l PR L AR SOOW 2% 438k
A 4 T A S 5 8 A i U 1 A 0k — 25 R SR RN AR M T IR S 5 S AR

R ERBFE TR WU SRS R B I A2 IR
HEESES TP391 DOI & 10.11897/SP. ].1016. 2024. 02491

Efficient Transfer Learning of Large Models with Limited Resources: A Survey

LI Xin-Yao” LI Jing-Jing” ZHU Lei® SHEN Heng-Tao"

D (School of Computer Science and Engineering » University of Electronic Science and Technology of China . Chengdu 611731)
» (School of Electronic and Information Engineering . Tongji University . Shanghai 200092)

Abstract  In recent years, the fast-evolving deep learning techniques have dominated critical
fields such as natural language understanding, computer vision, multimodal processing and data
mining, therefore greatly advancing the development of artificial intelligence (AI) technology.
Among these advancements, transfer learning (TL) has emerged as a pivotal technique aimed at
effectively reusing and sharing knowledge across multiple related models. This approach not only
reduces the substantial costs associated with data collection and annotation, but also contributes
to enhanced generalizability and capability of deep models. However, the exponential growth
in the size, complexity, and depth of deep large models has presented serious challenges to
traditional training and transfer algorithms, particularly in terms of computational and storage
requirements. Such high computational complexity poses significant obstacles to effective

knowledge transfer in resource-constrained scenarios, including but not limited to wearable
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technology, military applications, and healthcare systems. To address these challenges, efficient
transfer learning algorithms have recently emerged as a promising solution, enabling agile adaptation
and deployment of large models with minimal resource overhead. These algorithms are expected to
become a key technological driver in the future development of Al. This paper stands out as the first
comprehensive survey on the field of efficient transfer learning, aiming to systematically summarize
research progress in this thriving research field over the past five years. Concretely, this paper
investigates efficient transfer learning across three primary application fields: natural language
processing, computer vision, and multimodal models. Among each application field, this paper
further identifies and elaborates on five representative technical approaches that have gained promi-
nence in recent research: modifying model structures, adjusting pre-training parameters, adapting
original inputs (outputs), injecting adaptive parameters, and introducing adaptive modules. Each of
these approaches is subjected to a comprehensive and thorough review, analyzing their respective
strengths, limitations, and potential applications. This critical evaluation provides readers with a
nuanced understanding of the current state of the art in efficient transfer learning. The primary
contributions of this survey are threefold: (1) This survey presents the first systematic review of
efficient transfer learning, offering invaluable technical insights and guidance for future research
endeavors in this rapidly evolving field. (2) This survey proposes a novel technique-based frame-
work that provides a clear and systematic research guideline, enabling readers to navigate the complex
landscape of efficient transfer learning methodologies. (3) This survey conducts an in-depth
analysis of the shortcomings and limitations of current methods, thereby identifying critical research
gaps and providing insightful directions for future investigations. Efficient transfer learning
serves as a crucial bridge between cutting-edge Al technologies and their practical applications in
everyday life. It holds the potential to enable easier and cheaper access to the power of large models,
benefiting a wide range of enterprises and individuals across various sectors. By providing
comprehensive overviews of the current state of the art, solid theoretical foundations, practical
guidance, along with critical insights into future research directions, this survey contributes
significantly to the development of efficient transfer learning, and is hope to inspire researchers
and practitioners to push the boundaries of the research field.
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223 [ ANl a] DA o SN I8 4 A AT 55 >k 3L fig < 451 2an
—SEAT 55 H SR - B4 G AT 0 28 (R T
W) s o — BT 55 R X 1 8 A kAT A A gy
1~5 KW 242 m @, 5550 AR 2R (18], H bR fE:
55 FAFAERRZE Y I RS o ) BRI A T #
2 (inductive transfer learning) . H #3{E % EANELE

Ty st
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FRZS B AR 8 B 4E =0T #8 2% 3 (transductive transfer
learning). 7 AMR 1 A AW Lk SR i H A T
W RS 2T R 3 N L BT RS AR AR OGS S
{HIF AR A A 24 8 A BN 7R I R BGA . A S0
A I EYE T A R N T .

BT FRREA ISR HEA
PEREOL 75 AT IR A, H FiT TR 2% > Sk i iE o 1y
BB TR ) I SR AN R Y X R AN Y
H R BE R BOE B TR DOREAT 55 T, E 0l 2k
BENE O, MR EMEB L F i EBE N
K G, = F G, ) Fr kg 5 2 fE ek 5 /78 H AR, H
briE4s LA BRI, BB rik F I8 NS
AT RE/IN. AR B SCHR B O A A 1 T A A
TS S 850 U 2R HE BT A I AE o . 3 T ORIAL
WRESE F O, O IF AR F g e Ak s 4
RANTF J5 2 D HOR.

3 ETF Transformer B B R iES 418
SREHHE

H ARG & AL B TR 2 ) 1) — 4>+ 4y T B
JHABUSE o A P ) 55 38 5 B L R R L X R 2R
. EEH TS B0 BRI R Y R T A RIS
KA CUNIE 1 Fr 7 )« o 880 A% o ~J 53030k A 7 U
AR B R 5 SR R AT UK T T A A T R

Ap i
FEKE HEA —

AU G A R 5 H3E 7% & P B 5 1 H An ST,
Wl LUK AT 25wl 38 R B R 2 5 52 F 5 58 AT
G AU 55 B E I 2R R i B RJH . B ETE
SRIE T A0 S 38R B i B )T iZ B J& Trans
former fGE A1 K2 HLAR B, #8 H %F B AR 55 4 33E 17
fa] ZEA 4.

&l 3 J&/x T Transformer 57U it (1) — A~ FEAS 5
He AR A ) Transformer — i f A [6] 98 3 /I8
JEE A [ B3 1% R A A8 T o 25 T G i e 1 o [ A
BRI B =[xt 2", e a2t U )2
PN — T 5r o A AT R R A S
P HEE R EA B EE.

head' = Attn(x'W. ,2' Wi ,x2' W)
(W) (' W)T

Vi
Horp d, Ryix — B 8] 48 5 )7 91 9 98 B2 s head' Ry iX —
B[l s iy A ik i B A R EE S WL WL
W33 g ) e ) 72 4 R I ) A 460 R I R {1 1 A
e W . S5 Je FEAS [R] Be 9 1 22 ) P 42 Cconcat #24E) .
75 30 JL I v () AR 2 R 9 3 A D 1)
head=concat(head® ;head" s+ shead") (2)

PR = 1) B 5 G B b ) AR AR AT 2 A
— Al AR IS AR N R A 3 4 ) RN AR LR O )2 A
AR 5t 1Y) 2% JHL i 5 T 0 2% %) AR L 7+ 3
FEAE P (0 LR QiR 3 .

::Sofnnax< <aﬁvv;>) 1)

P 3 Transformer #5 R 3 A 2544 7R 3 18] CH A S 8008 AR B 38 IR B DX 38 0 w8 RO 76 07 vk S8 IR HD

FF X ETF Transformer )5 5 A8, 33K 7 ik
PAEE 2 A48 i (DA B NS 80 (o) 5 A E 3
BTy 1 SE B RGE R, QD 3 1R 20 68 g AR B H By
TN, T B R R ] 3 HR A AR K Ty U A A
AN RR T ) BRSBTS B
WA B G SCHEM A . 3% 2 B4 T H

SRIE 5 AL PRI AR I SR R Oy 1
o BRSO IR TR W S RGE R B ARG T
RAE 3. 1H5HN 3. 2 35X ZH0EAH A 3 A ek A
H R TG 5 AL U 0 N PR AT TR A 43 BT 5 76 3. 3 X
HoAb g5 2 f [ SRR F A BT A B T At
I G 1 3.4 T S e i F i B B 4.



2498 £2 M S VI A ¢ 2024 4F
*2 BHRAESLAETENBISHNERFE
ik ik Bek R BU A B SaRiEsiEE S S5 NF
= ik BH WA SR B fihr G PR
BT SHA 8 2 B 20 (parameterized hyper- GLUE; 85.3
Compactert®]  complex multiplication layers) % i1 /& % 1 Adapter ° S o 0.05% —42%
SuperGLLUE: 71. 82
TR TR e
P 0 AR Ak — % 2 04 A 5 A0 DG 1) 5= CRT 280 Sk & AR A% E2E. 70.3
Prefix-tuningt?! ¢ 4 i 8 J7 . 76 W1l 2 Transformer fY 2 5 /fif 75 ° RS 0.1% —
WebNLG: 63.4
IZ 2L N E LIRS Al EE SN T
iy ATRARECR 1 Prefix-tuningt?) () 8] £k i A , B 7E i N -
Prompt Tuning [3] AT B B I token FF 511 I 4 ° SuperGLUE: 90.5 <C0.01%
) B if ] Transformer J2 14 AARBE 43 i 56 M O AL E2E: 70. 4 _
LORAMY o it i e 52 LB S5 * GLUE: 87.2 0.24% —66%
FET LoRA $8 M — 7l B AR 40 R e 8 47 JF 45 19 O 0%
QLORAMT 43 650 (BB AT 48 G A7, H.55 — iy %8 Jy ° ° GLUE: 88.8 — —
DAL A S B RE TR
BitFit[16] F& H FURORASE Y B i B S RS I R R T A RS ° GLUE: 85.0 0.09% NA
FEH —Fh B UAE S, 55— B B R R I, 2 M Y SICK. 90. 43
AdapterFusion™7 BE NI GRS BT 55 A1 G Y Adapter; 55 Z [ BE Ol AR . RTE.. %9 .gé o o
a ) H AL W N [F] Adapter 15 2 19 RAE LS & DL T H AR T CB éq 8.1
SR e
3[48] TEL Ao 27 > Il S R AR T R D Sk v o B (E DL T . ) o
A oy 2 4 52 DL A R BT . 0. 724 0-01%
I 2 — A BRI B0 199 6% 4 122 T 45 LA I 25 T 445 1) v
LSTEH® V] 7 2 A A A A AR AT TN, 32 ) 4 B BN e GLUE: 84.1 1.74% —37%
B )L % AT B T 48 b, DR T 43 i R
5] WEHRZABLE BRI — M EEIER RS GLUE. 85.2 -
ATTEMPT! 7 ® &  (oGLUE, 741 0%
Adapters! ﬂﬁg}‘r??sformer )2 Z A3 )i A 35 WA He ( Adapter) e GLUE. 80.9 3. 6% -
AT R
. ey JBIE AR ] — AT S A G Y diff ) S BT RS T G . -
Diff pruningt®?! 77 T 2 ° GLUE. 84.5 1% —
HyperFormert  Jeil —HH—H9 Adapter 2 JHEAE . RS T 55 £ L e GLUE: 85.2 0.29% —25%

L5 Adapter SRR

T5010]

R AL AT 55 B ) — A5 — B HE S R BT
BT SUF AT 55 B e ST - 30 1 2L DA 5 3L
AT 55 [l (9 77 1k 4

GLUE: 86.4 — —

T RO S S I AR AR 3 P A5 BOXT R L 2B LL AR T B 2 9 A0 A0 TR T R S BOM B T T A 5 0 L9 R 28 3k DI R e ) s

HSHE AN
EFTHERSEIEIENNAE
N T6] F 4% G2 1) 5 91 548 4k 3 RS RS, Trans-
former B4 R H-88 1 B 7 10 J7 2550 T R K 1% 51
TR T I T A 1 KM L e e S I PR TE TR
Qb 3 T I IR AR B 1) 85OR . B B Transformer
A% 0 Z R LU 50 A T R BE . B 38 2 800
VB Fi B A 0T P 8 194 g ) e S AR R e A R 5
TE T T R 25 2R 5 DA 592 B0 0 A5 4 P B 1 44
WE 3 iR s Transformer FEH A B A% 0 A 35
JEATER AL B R Prefix-tuning™™ A F£ 1
VI 2 )7 Bk ¥ 7E Transformer JE Al A5 He v (8 B &5
Iv) 8 Sk 0 14 K BE A28, DL Prefix-tuning i ], &
P, PR AEEE E A AT ) B e s af
DI BT A S BUG T2 .
head pr = Attn(2' W, ,concat (P, .2’ W}) ,
concat(P, ,x'Wi))

3.1

3

Forf concat Jy [a] it PFEEHRAE. X B 7 R B K
Ji ey 1 T 5 A A A B L T I SR 2 e e
AL DASE LR RS . T2 2 9 1y S, AT DU ST
BRLA2 IR IE R 7 4l ik F (0, ) = {0, .00}, Horp
Op 9 T I 25 19 T 28 1) o 2 80 S 80 A B A
Transformer #5781 2 8 0. 1%, ELIE S T
PR T T, BT A E NS H0E A 7 2 R AE
2R SCERCA2 IR RN S S B 49 2 i AN Tml o
A PAE .

(D 1 A A7 # A [H. Prefix-tuning™* ¥ 2 0%
A TERE TR P 3 1) B BRI 5 i Prompt Tuning™™ (42
IR IO TG SRR N A R A R R A
o3 Ayl g i A BE R ET AR 2 Y token 75 3G 0 HT
%% 3¢ Prefix-tuning B R &, A F Lk 3G PF%
(133 A 75 20, Diff pruning™™* 5@ i 5 )50 4G 2 50M
(17 s A S B B I A B AN [ 5 L AT 24 2] 1



114 FHECH . WIRZ IR R S 80T B 22 S BRI e L ik 2499

] LB N 2 4 R Y. 55 4h . Diff pruning 2% $
TEASRH —A Lo Ju R85 0 29 50, Bl T I 2R iR
JE X 2% B SR %) L T D)3, DA L 2% 3 Y 2 500 7
B k> Z A S B KU, LoORAY DK S 500 A
RN & N e e (RN = w =R S N IR E
HH B AT 250 9 5 BT (TA U g7 A
PERR T8 (E IR BIEHE E T B [E T Prefix-
tuning J B 4% PF4% 19 7 18 s (8 558 L S8
A Ry Z2 B0 78 AT AR

(2) AT A, Prefix-tuning™ #1 Prompt-
Tuning™"* il i 1] P T EASEFO, )=
{0, +0p }. Diff pruning”* j@ it LM T IEEAS
BB EO, ) =0, +0p. LoRAM 8 1o (0 K S [ e
AR Z B0 S AR S B h W, € R,
DUPRT L FF 9 S G B [ AL B R 3 4 40 G B
W, +AW=W,+BA, . AW 2 H iS5 . BE R,
AER " HIEM A.B ) Fkr 1R/ . r <min(d . k). 1S
BOFE ATl AR o FC0p, ) = {05+ 05040, \0s} »
Horp 0 2 HE AT T A BN 25 S 80 EAR I B,
LoRA 7EH i # i R LA AR 2 51t
S RS N AR RS ORI R R SR 2 R 3
FETL) 6620 NAEI I BL A RE SC 2 A SE 1
FERE R E g 2 i T R RGE R U 7R
BOARFER L T T 280 ¢ T AR A3 A=, 4n ) A5 35
HEATRLTE 43 % 1) DoRAPY | 3l 25 43 it 2 50 101 2 1
DoRAN ] FH AT 2 i) 18 3F 8 48 AN [ )2 (1] 1) Bt ML
() Vera ™™, S5 45, (TA)* ) 58 i yo 2 o A 3¢ 19 7 12
HASEF;,) = k0.0, \0,} . HH k BITEARS
BORAEREHO . ATTEMPT 2 25 [ [ f 41, & 24> U8
WD, D, ,+.D, %L E ST PromptTuning
TERAIRE 223 — 54808 0, »i=1,--.n, XTEH IR
et — & Hirdeos 0, ikt — A4k
B BEHORE 2 2 1A [ 32 R AR A B R AR A E1T 3 A
PMAGE & LAk Bl s LR F (0, ) = {6,..0, +

Pyt
nt1 ntl
Doai0,) Hordt o AR AR  FLD o, = 1.
i=1 i=1

3.2 ETHENERKGE

LA Adapter™ AR MY B & BB L R IEE K
AR IR 1o AT B U R T 22 R B S8 S 1 — 26T
i 2Ce) VB3 B s HHEAS 5 Al 2 AE I R A%
B2z ] 3% T A 3 SR X H (8] AR AT B 5 R
AR AR A B A B S RO B BB R H Y. i

ik 5 S0 A B R B O AE T 3l Y BE
FE I8 Ao — i 37 ) A R A X o ] 2 BT Y
BB TE S TR A 8 2 B8O X B ] 7 . 2 I i 2 K 2
BT EHR AT LA T SCIROS TR Bt Rl
x<x+1(aW4p )W, 4

Horp o P A8 5, 2 2 AR R AR JE (A1 RelLU
FE) oW goun FIl W, S8 3 RAE 42 JE 42 J2 FU TR A 42 2 5
2 EATT L R AR 8 — A AR B, HLAS 23 o8 i i
VN N iOE: 9

BET A 3 AR ER 23 T i TE AR B Y B B
B AR AR AT LU F (0,0 = {0), s Ouguprer ) 32
s H T Qe R B 3 DB B 2250, 72 Adapter
FECY ERIR Qe = (0w s Ow,, +. Compacter®
Wit T SEALE R R AT TR
AP, PL KA 55 R OGP I BT T2 ~) e s A
55 T R E 280 I ) AR T 3R A 3R WZZA@
BT STHEIMERFE T RAEE W AW,

A — 6 77k W 5 A0 ] S v 80 0L Y
B, 5 3CHR5 T IHY H— Adapter AN [, B4 76 A [F]
VLS T, T, e T, L2 UF RGBS Adapter 2%
Ou,» AdapterFusion"* # — £ 3] A — M H A S ¥

Orusion (1 TR 5 152 5 DATITAR 405 AS [ 19 H B AT 55 1R 45 1R
B Adapter: 0, =0son (0,5 0u s =40, ). LSTH W52

2 M) Adapter HEZR (X (4)) BAR To 75 B8 #UI|
GBI 2 50 B A BT O X L S R i B
TN Adapter, 4 B 95 2 80488 2 IF 0 2347 R
AN RS, DG 32% 7 ¥ B — B R T 2% K b
JETE B 252 M Adapter WY RIS 2 AR A
eI B R B I S o DT SRE A AE BN 2R 2 80 B
KA I 4. HyperFormer™ $8 H % FH — A3k
1Y 8 X 2% c%i%ﬁiﬁlﬂﬁﬁ Adapter E‘Jﬁ;‘ﬁ:@adapm:
O Coer) s Hov e H AR AT 55 B0k A H AR FEAS 1Y 2 15
o] 5, TR 25 2 4> Adapter (9 T 8§ #E — 25 3 /b
R IR — A~ ) 2% 1 T 5.
3.3 HfttAZE

B 7 SHAE AR &R WA R H AR
&ALy RS B D) SE B S AT . BitFid
3 Ao 52 95 3 B A0 B I (PR S 4 W +0 iy
b) RIR] A3k 3] 5 1 4230 2 B0 VS id i AR T
Bt T — g —HEZL AL 3 [ K16 5 4b BRAT: 55 . JF 50
BT — N ER AR C4L A 2 5 iy L AT BLK
AR B HARME 55 T, /2 B A [6] 19 2 68 eR £l (B AL
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Hl

7 2024 4E

o
=B

SR 3 AR BT b 5RO A [ AT 55 A —
ANF AL, TS A B BT A AT 55 T — A8 K I 2k
PO 2% figk pe o LR ik R A (R AT 55 9T A ) A B
CRPAT. QB0 B AT 55 . AT DA 334 A 35 )
T Hello world. #iF 2y /307, 10 %HE 8 43 B 4E: 55
U A I R XA L R AR R . BT 2
HRAEH A B[R B 3R WA 55, IF IR )% 1 A4 25
X T 2 R M T 78 2% X (instruction learning) ,
R Iy ik iR A FLANSY &8T5 HE 42 1 3 i1 72
£ X R 9 Transformer #5281 25 45 (& ok 45 14
2O SOk CE B 2805 R 2 5 8
R E . TS i K 33 J5U 06 iy A 5]+ 1 1%
I I BRI RN 42 G 2R 78 43 DR I A 7 S i A
B ek QLORAM fig Y 1 Al i i Il 5 A5 7Y it i
WA R R 2007 it 7 —# 4-bit LR
FOBUE A AR S B R 0 BER A A-bit UK b B
T —Fp e v A A g By R IR BT B AN L ST
BITVE AT LA BRI 2 O R RSB 330 122
B OR AR R Tl A R BRI 650 {255k
AT s HAS 25 2 BUBE AL BB R B SCE IR Al %07
M LIAE— & iPhone 12 Plus L 300 J7 4
token EHE. QLORA M FEAR 1 i i R 2L F5i 1|
GR35 T 5 o i AL 8 o ) AR -y B S
1 T AE.

R 3ea 259 (in-context learning) 2 £t &% —
T T W R B S0 Jr v il e H AR TR S R
AR AR S USSR AE H AR AT 55 b 4 T 91 2 — -1 Ik
FIRATE 55, BRS04 I i ) IR T R A
(AR 45— BT S8 H 0 X s i o & P RN A
Y. I T, % PR R RE Y IR 55 1
TR < BT S D51 A B AR R B B A R A ) 5
71 5] F A BB 0 A R R A 3, DA T X 38 DL i )
P A T SCERLS9 i —2B 48 . B X R
[ZENPE PN L Rl U LT 7 A o7 N E O 4
LR A Ay AL %) B 1) s, 2 AR T P e S AR S
B b2 2T SRR 2 5[] 14 23 A 7 491 A =X s i) o
M AGE ARy 5 2. SCERE60 J92 41 1 B S0 I iy
A2,

SCHRL6 L X 2 800 AL RN 3 A ek 47
45 5 — A — M R BOT B AE B R FOR X PR 26
S T3 . SCHERL62 TR & OT B 05 4G O delta-
tuning, Jf 45 T A W] J7 2 ECE 5 0 S5 R L

SCHRLE3 AL B S, 1 R E 5 AL i H s U5
T3 ¥ o 10 R R AR R 1 S PR S L R G N S B
B A D7 T AT IR SCRRL 64 % AR K 5 B ALY
R EARRE s T R SR AT T A LR

SR UL, B ARTE S Ak B A0 LA AR ALK
iy A7 B AR AIE Y S ORI R RS R AR DR B
TR AR Z — SR X RO
AT T B REAE AN ) R A R 45 4 AN 50T
T AR v 2 KR 43 S BN DL T S 300 Tl A Y
FR) Bl 8] AR 3 7 3 AN A R Rl b 1 SR R TR Y VA A
W REAT BB 1k LA R R A NFE AR 2 X s
FEIH . BL AL $EoR 2% 2 5 1k 04 8 T8 g b A Tl
SRAR T b 25 0 P G I B s TR T O A L Y T
TERE T+ INTITTE 25 F R AT 55 th USRI ROR. 75
— RN HITZ 152 B AR (Adapter) R 31 J7 %
H 53R X HNTET Adapter ¥ 7] 2% > Z 40K
17 T RSP 326 T8 B 57 B 38 B8 B L el e B
TS 2 F0 2 3 09 f00 e oK
3.4 ERHEEETIRER

3 LT ASRIE S A BRI H UL i AT 55
A ROR IO 1) B 4R R S L A A AR
LN LTE A IR0 F AL B APk A b 40 i 4R
K& R AU A GLUEPY #l SuperGLUEN,
A SCHE R AR AL T AE N Y A 3 8 B R A T A
Ja& BB UE” A R AT LR, B AR TE S AL B
G AT 5B X2 R A g AR i
ORI SR X ST 55 B RE A
RC) R REE 7R o e < O 1D i N Al i B X )
BT M AR S W s T AN AT AT
R DL TE SR 3 S, AR AR A i R T AR K R T
) BE

A SCHE N $5e )z B W AT 55 B A T Y VE A
#HEZ— GLUE(U & 8 DT8R8 EXFHi S i 41
(PR A3 A R R J7 ¥ R AT 25 G 19 S5 IR 5 R X Fe A
A PR, AT LLUR I, ARG T AL FRAE S5 0 T R 2%
R B L, 3T A R B 1 9 28 T i O 325 1k g
SRR s AN (A 7 5 T R 2 B A BT AS T R S
WA B & R A YR AT 2 S
#. 3 F RoBERTa-base i LoRAM YEX] Ho i 7
AR T A BRI, B SRR b R
SRR PE BB Ol 5 S R REA OGRS TAEFT R T
Fnd



111 ZEFE SR AT TR T BRI R R R 2 ) SRR T 4R i 2501
R3I BRESVHESEEHABESE
1% Bt g e ik SR
RS CoLALT Sl R BB ST S SRR P R AT Mauhews G R B
T SST-2067) T 25— 2R T o A TR i S P D 155 JR T g I TG B T T
By MRPCL8] GLUE 2 — X AR O 1) 20k, B AR T A I HL R AR L RN YRy % F1
g QQPe) U O XU T ) B Quora (178 3 L T8 I S AR E S HATE SN
SICK ™! Y4 th— X0 ) R 7 T ORI Oy KT o e T M %
RBEAST o pin qLup 2 TR bR PP (TR A R R AR O SR A TRRUE ORI BRI TR
T B FEAR (1~5) o 5570 5 2 T 0 3 2L 45 AR MR
2 . 25— AR 4R AR — AR A B TR T T PR A Rk (B ,
[72] ;L N ! 2
MNLI CLUE o i b 6 OF Ji) o 4 P 6 86 R S (o) e
QNLITF™T  GLUE % il ) LB 5 4 5010 00 %« T 505 5 7 B v v 75 ) 125 8 e 1 %
GLUE X
[76-79] R R R 2 5 W R A i 5 A 2 A i Tl 3%
s RTET SuperLup SRR BUR SR A 2 I 75 4 2R (RS
WNLI®  GLUE %ﬁ%ﬁ%l‘sﬂiﬁ—ﬁ‘ﬁﬁﬁiﬂﬂﬁmf,#U\—%wﬁbﬁqﬂﬁ%ﬁ’%w’tiﬁiﬁﬁ'ﬁﬁ —_—
. . 25— A X AR TR T L U T NN X BT B N A LA R A A L A e
[81] 3L H : i 2%
cB SuperGLUE e yhshy b sz % M FL
BoolQ'#2 25— B I — A [, AR T B R e A R
COPALs3 25 W — AN TP R AN BT RE O T, A AR T L ) I R A SR T B T A AR WERG R
[ia] 22 MultiRCY SuperGLUE 45t — B , — 4 o] /8RN 224~ ] B Y280 48 o 0 0 7 82 0 W 4 — 128 R M 4t F1 .k UG e %
ReCoRDLE5) fﬁ\Lgﬁﬁﬁi%é*ﬂ%ﬁﬁiééxQE@Fﬂ”mﬁ%ﬁﬂ%‘%M&%%i%%iﬁﬁ@i%fE F1 o UG i %
A e . 25 B AN B Rl — AN 22 SR B ) L B T R BT 22 IR TE A ) T
i) Ko ] [86] < _UE Hd s il %
% XA K WiC SuperGLUE B R R & MiRES
LIS WSC)  SuperGLUE ﬁ‘%;{’l‘@/ﬁ‘#‘éﬁiﬁm’m%-’rﬁ’ﬂ%’%ﬁ—%ﬂﬁﬁEP#IJ%WHEﬁiﬁJH’\HE —_—
E2R 87 o ity 1) it 2B B 4R L 0 3 E 0 I MR WA PR SR R — A AR BLEU$#]
Y B S AR BB TE M B BT T AR LAl 7 MET![89]
o m) A
WebNLGL90 o 4% M\ DBpedia H L — 41 = Je 41 32Kk I B SR8 5 A2 807 1 3R A9 T 4 v BLEUS
B 18] F. BEFEAS th— 41 = S0 40— S o ) R MET!
x4 BAREBEELETBHIIRREFEZEGLUE EEHBEE FNIHLER
VRS CRR: 3 SU/MT BB/ % CoLA  SST-2 MRPC  QQP  STS-B MNLI  QNLI  RTE
Adapters[31] BERT-large ICML 3. 60 59.5  94.2  89.6  71.8 87.3 84.6  91.4  68.8
Diff pruning®?)  BERT-large ACL 1. 00 62.8 94.2  91.4  86.6  89.9  87.0  93.3  71.1
LSTL] T5-base NeurlPS 1. 74 58.1 94. 1 90. 4 88.8 90. 7 85.6 93.3 71.9
ATTEMPT50] T5-base EMNLP 0. 04 64.3 937 861  90.0  90.8  83.8 931  79.9
Compacter3] T5-base NeurlPS 0. 05 63.8 93.0 89. 2 90. 2 90. 3 85.6 92.9 77.7
HyperFormer??] T5-base ACL 0. 29 63.7 94. 0 89.7 90. 3 90. 0 85.7 93.0 75.4
BitFit[*0] RoBERTa-base ACL 0. 09 61.8  93.7  92.0  84.5  93.7 8.2  91.3  77.8
LoRA[#] RoBERTa-base ICLR 0. 24 63.4  95.1 89.7 90.8  91.5  87.5  93.3  86.6
J1, RA SRGER LA e I L 2R 45 T S
4 REMAREE FWESREBAE R R KRR A TR A O U B 2 1 28

Mz — T 40 22 AR 3R 2% 46 T 00

TR AL A UL AR TR S R R A (MR AlexNet ™ (2012) . Bl 5 #) 8O N BIF 5T 45 38 o A W7
PE R B A3 0 A T U R DV RRAS O TR E O 4 R i 190 4% Y 8L 3 SR E L AR
WRE FECF A MR RS RS RERRCR I VGG (2014) Il GoogLeNet™'™

H — S0 B R AT AR LSl A R Bk i
WU A AR S AR AT A 1 TR B AR LA
PRIL T P RE » PR I 7 22 i ROT 78 35 12065 18 R 00 IR
o) Ak B ORAGE Y LA 1) O 0 5 ¥ 2 4 o AL
BAEPRAE TV 22 A 27 S A b oo A AT st 1 S fiE

(2015) 5. H 45 B2 3b 30 o0 38 i 2 8508 | 9 2% 2 50k
P& TH 190 25 14 RE 75 W 2% 2 B0 a3k B — A~ B 5 1 1
REL S, 0 ResNet101 192 %2 4 ResNet50 JLF
BT AR IR TR B 120,

LN UR7 SUpN - P NN 5 I =N
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Bl
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e

I8 TINERRR R T B0 UG 16 B T8 2% 55 0] .
I A 00 B 5% 5 e TR T B 2 3 0 S R 45 A R il Tk
AR A B AR Z — A 4G ResNet™
(2016) K A% fih ResNeXt™ (2017) , ResNeSt""" (2022)
2 i)l 5 T ImageNet 1 ResNet50, ResNet101 ¢
JEFE B 098 T P2 JE 1 2 T B2 1 i
FERAR S AE A RA IR G T o LA 0. BE A SCHk
[40 42 H B9 Transformer Z5H7E B SR 1G5 Ak FH 40 35}
T 5 H o IF 58 AR PR HAZ O - B TR B B i
2 PR A AT I, B 3115 3] T M Transformer '
B # (Vision Transformer, ViT) (2020) K 7% fif
SwinTransformert " (2021) 45, 7 3 190 3% 451 3%,
B T HTRT AR A AR SOR . BT LA R 2 01 45
T A5 B0 T SR A L TLF- B T2 4 B A v
JEMEA .

Wit o RS TR 255 ) (%) £ R R T SR AR L AR TR
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