4 SRR

PSR RV =R DRI G Rl 6 A SR DN 1 S A 1= W) AN S D5 -
XTI R RtE Je g D iy e A, R S A e A O i e 7 AR A 5E 4
BB, 7R KTE SRR A A A R S, T N S A T AR . (2
M REFHANSEEE R, PORMA R &, R 7GR F R — STk F A0
AR T R T AR OR A, RFESCBUBCR AIEE IR AS P SRR AU . A
EARFRAGR AT LR SEEEOEBOR, B SCRIZEN A SRR
SRR RTTE 2L, RGN RS RO RR N =220k, BAS 5
M55 BRERFITEAMRBRERC T &, T e BAGRERIRR SRR Ss
i, AT E A S B s SR R A T L U ) S B B

* ORI H, GIT Hub 4544 https://github.com/ZJU-LLMs/Foundations-of-LLMs.
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4 F HI S AAOR

il

4.1 BROBLM A

XTSRRI B A i 3l BT, KT 5 A 2R 5 0T I LB 0Ts S A B )
ARG UATIERC . ER SCA T R MOR HE T R I S E LA s, B
TERICR 8RR EAFAEGRIE . W IRANZ A, SRR AU (Parameter-Efficient
Fine-Tuning, PEFT) $RVIZTIAE » AT 1 Seid BT 3027 20 FIHE o A7 [t
HATENTRI LB R A BAESR b B PR RIERTE . 3558, BATRFRAN 2 S 05
ORI B JEEE S, B HAE RS AN R Oy i 25 0. B
FNPRER T PEFT J5 kb0 38, WS ANk, SHEF I IARRE
BEITiR, NEEER T TR EAR AN A T A

4.1.1 PS5 G

W, KSR B g BT OISR, RE AR E R Ryt 5t
B, RIS AR ST [43). (H R TIFERE S AL AR A R,
BAMFAERRAS, SEHAR I (MEY. S B5%) RRARAR,
PETT S MAFETE B U PERER L. B, @27 TS5 G i A REvE— 232
el B AN > U ERVERE . IR RIS GO A PR &) RS
(In-context learning) [8]; b) 44 (Instruction Tuning) [53].

L. R3]

TEZHIRAZE T, RATEENHE LN TR NE . B B
IR B S5 R ACR AR AR SS W35 Prompt SREBRE) 1 5 2L 5 ik 44
FUHES . /VEAS |R 2% (Few-shot in-context learning ) KR4k o i REA AR
XA HAREF 84 (Instruction) FIFEB] (Demonstrations ), H-Hf% b T2
R AR — A RIS, KA BV R A B EE R . BTF SCET 58
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( )

#un $6% :

BIRIBIR Y RRONX T H5H001BXF0IR , BB T,

s <l

O : iy EEa4nRiE ?

A fSEeEEEMRFERe%. TNNRKMEERENERGES , A ERERKRT X
e XERNEHGXRTREE , BHT A Zo9Entis.

0 : $lsZg?

A 280, BSZ. IR —RARKE , REREBEA , BTI5ERITeEE , 8B %57. ©
NEBERELSE , NASRHRTRESZT.

Pl 4.1: 55Kt B .

AR GATSHCE R, P RETRECRE B ANMEL AL ) B) 2 FiOR [ A 55 .
RAETESEBR M, RS RO K & B RE ), Hgik il
MW 1) BRI MR AR IBAAE 2R, I B Prompt #1135 ZAEF K
I NTIAS, A Prompt R ZALSHREA R RZES: 2) BRI BRTES
AFENG, BAEHERLF B Ao & Bl Prompt FRAEBI RG22 Pussfn. Pk, i3t
WRE SRV 2 5 SAUE 55 T KIH R 2R, JUH @ AR 3 U
2. AN
T84 (Instruction Tuning) &5 —Fh AT ML S5 IERCHY . $82- 600
BT B TAE 55 48 20572, (1 H AR BE Sf s AR AN A AT & B ARG 5 AL PRAT:
FHER . BOMIATFR B Ets S8R, RIGEIZEdESE AT B .
o AR RO BUIEFEE SRS (ESMIE) . &6 (k). &
|25, Qg 4.1 FroR . AR e 80— oA MR R (5310 1) FdEgR.
AR IR 21 H ARG SRS, Rt o e oM ny <A, i
> %f. 4 Flan [47] F1 P3 [37] ¥ A TR E SRS 2) KiFEHaL
A i N TR ECE T 5 /0848 8dE, #E A GPT-3.5-Turbo 5 GPT4
SE PP AOE SRR TR A9 R . 4 InstructWild [33] i1 Self-Instruct [46] %
PR AT AT R AE A
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( N TEsE HEBE sEmsl [ | rEs )
| TR |
B S N
.
| | :
9 SN0 BEEETSE BRI )

P 4.2: BB HBONESHE.

o WiERLIN: Wi BRI AR eSS, R DA 58 4 B O A I
SMEA TR , AES BRI AR OUT . e e S0 e o A
token IR o 2808 Gl R KT 5 A TR B S 25 B T 41522208 (Instruction-
following) B8y, XA BT HEGRHAERLACE, ZALBHHE 55 HIH U .

SRS ORI A RORE W K o 5 A 28 PR Uk R R, $R s R A

AUAE N IEAE 55 _EROPERE . SRTT, B ORI R BRI TR BT, LA LLaMA2-7B [40]
BRG], B T4 B ORI 20 60GB INAY, @A 284% GPU (411 RTX4090
(24GB)) Foikse . HIL, S TAEVHEZ BRAPRSE A RO R S AL, O
FSRR A BR AU E B

4.1.2 B

SR H (Parameter-Efficient Fine-Tuning, PEFT) B i 4il3
B0, WTE R R TR SR SRR AT SRR, AT e R T AR
BRI, FPH PEFT FER DA A =26 S4MinJrv% (Additional Parameters
Methods), Z%3%# 7~ (Parameter Selection Methods) DA S ARk @ L 3% (Low-

Rank Adaptation Methods ), HJ5yEEAEINE 4.2 iR
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L. ZHEHImI;

SR Ik (Additional Parameters Methods ) FERETREEH Fr BN . /)N
AT YIZREE . FEBEAT RO, SRR SRR, , DU I e i A r B,
NI R S B s R o X BERST U H AR i W 2 (Adapter Layer ). ‘B A1 19 A B
BWAREZEZE, I THRA eSS EE . T X LR Y 2 S8R,
JIt AR I 5 V5 e 8 3 D TR B SR . AU AR G A R
(Adapter-tuning) [18]. ¥2535% )4 (Prompt-tuning) [23]. MiZii% 4 (Prefix-tuning)
[24] F fRPEGY A (Proxy-tuning) [27] 5. SEUFHII HoRAE 4.2 T HARN2.
2. BRI IT

SR 7% (Parameter Selection Methods ) (U FEARZ 1) —F 7 S A4 T i
P, MESEHRSE. XFER T EAL AU TR SHO0 Nl 55 BA e
PEAE IR, IR RSP Y, AU 2 S S8 PRI MR ok 4 X G
S8, AT DAMERRARTT SR U A (R IR THEE L g PERE . ML VA 045 - BitFit [50].
Child-tuning [49] PAJ% FishMask [39] 4. SRR EMRHE 4.3 RN 4.

3. BRI AL ) ik

RBERC 734 (Low-rank Adaptation Methods ) i 1o Rk P SR 3 (DL I A AN F
ORI, HURSE RSB RE , (URORMRRR R A M . B TR SR A B 25
o/ N T R IR S ECE R, TRIRIEAT 4 T ORI AT RS . LoRA [19]

il

MRPGERCTTVA , J5%EA AdaLoRA [52]. DyLoRA [42] A & DoRA [29] £

4.1.3 BRI IES

SREHRORA AT D WG PEFT SoRA 1T 235 S 4L
Boat, TR T ISR BT R BEIRIN ARG 2) APl & 2R 2

155



F 4 F KA EHHHOR

oo, PEFT B FRAR T OB LA A s ), el T A2 R i s 3)
WG PES : PEFT SRS PLEE WA FML S5, o BRI SR ML, Rl AE
TR AE AL PR I LA B g ) SR 12

N HFATRE I — S BARREBIRRASRST PEFT ORI 2 52T S H00R.
FARSEUL, 22 4.1 R0 RN THERC £ 80GB A7) A100 GPU DA% 64GB A I CPU
AP PERERECEEREE T, X bigscience B UEAT 48 Sl -5 R M SRR 7
15 LoRA (IZJ7¥RF7E 449 PRI 47) I, GPU INAFITHAEIG DU EL . ARFE %
4 4.1 ERSHEHOHIRSEE B AR5 X (OOM R8T AR ) -

R4 ERSHHOR SRR (LoRA)
bigscience/T0_3B 47.14GB GPU /2.96GB CPU 14.4GB GPU/2.96GB CPU
bigscience/mt0-xxI (12B params) OOM GPU 56GB GPU /3GB CPU
bigscience/bloomz-7b1 (7B params) OOM GPU 32GB GPU / 3.8GB CPU

FAEATLAR Y, XT 80GB A7 K/ GPU, @S HiiH 7B/12B SRR,
2 FHRAF B . TERT LoRA J5, A7 5 IIWORIR R, (EAAE SR Bk
PHR B ARSI AT

ARG SN A TR REF R T T ML G R MR Eies: BRI
MG AR . SR, H TR AN SR A Ty T B BR A, X PRI SO PATE Y R
Ko HIL, FEMFESEEEBMBA, BI PEFT. PEFT SO —/ Nl B4
PEATHOR, AEPRUEASAEVE BRI T3 A O8> TR TR iSRG, i
T TR AT IRATR F0 PEFT JiiAuEAT 702K, fElRg/ Vi,
TN PRAARIEAT &5 1 1 0 SR PN 0 2 — 38 PEFT J5ik: SR ik 4.2,
SRIAFTTIE 4.3 ARARBRIERC T35 4.4, F-HRT PEFT BAH N 5588 4.5

VA BRI https://github.com/huggingface/peft
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4.2 BRMmG

SRt I35 (Additional Parameter Methods ) 1 - Y11 25587 (14 R I 2 4k
RSO K TE SR TR0 « SR A F IR I A nl DA A =2 e
A ITERSRL A BT ERT o AKX =20 & HACRIE TAR S T AN 4

4.2.1 JnAEsmA

HAE A A7 A AN S R IS B A A, (Embedding) o, Hoo 5
26 L{f) J 2 Prompt-tuning [23], Prompt-tuning 7EHZE [KyHi A 1| A AT Bl 1) i
S, AR MHERT (Soft prompt) . HALTMSGHI AR A, IR
H SO — B AT, B | (R R B SRR, JLIb 54
(RHERAS B RS B 5 R OO E 1.

FURHY, Sh5E M n A token [ A SO {wr, ws, . w,}, HEE
et AR (IR A TR SEHE X € Rr<d, SEh d A ST AERE . A
BT SR T N B R IRASERE P € R, oot m R K I, 5,
AR IABEE LA JERE, TR HTERE [P; X € RU<d | [ty
A Transformer B, I 11 f5 48 A L4 AR (U OR AT RO . DIZi R
(LR B4 PR, 18 4345 T Prompt-tuning {7

TESTBRE A, BRI K BETERR 1 51 200, 3 FLEAETE 20 DA Likaes—
SEHIPERBIRIE. MEAN, BREURAGRIM LR B LR S B, B2
token B #1640 AT 55 00 24 AT I A A SO FREBLATIA L . (R SRAOZ,
Prompt-tuning JEZA B M IKIBIHLA R H T SC LS B0 AOOM , T2 1 3025
il FES R, R S MU0 0 SRR TR, RO R
4R (Hard prompt) , 5 B3 {11641 0 B prompt JE R T BUMY . [T
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F 4 F KA EHHHOR

e )
| Esme ]
(- N\ (- (- (~ R
N TdsK
Py Py | | Pm ] 2 gy || @,
S H N Bann
J L J S J A\
X
IR TERA AT
. J

¢ 4.3: Prompt-tuning 7~ & & .

R SR 0 o e PO T B T A, SR BIERARY “IUTE” fARIRAT
IR SRR R IR i, R EAET ORI R] . P, SRITATR 2, S
et A B AL S S T A — A S 7 ik o

B, Prompt-tuning A7 AR AEFE: (1) WAFRCHE S : Prompt-tuning {2 2%
& T NAFTR . BN, TS-XXL B TR EAL 55 BB 2 1B 248, (A4
Prompt-tuning L 7R 2L 20480 24 (BRHAR/RKIER S) 5 (2) AR5 1iE
Ji: A DARE B — RGBT AL S5 T Y . A SRR O 5 2O B A T AT
5527 2 HARAFAT 55 5 2 1 SE BE TN SR 2 R AS o ELAE DA Z5TFE B LR A
7. Prompt-tuning H &5 ¥R HEAME 55 Al — R E /AR 55 Fom i, I Hon]
PAGE R SR O SRR B A TR A A 55 P (FE A ME 554l i i _E 22 2 1Y soft
prompt ). (3) G FEERL SRR N, Prompt-tuning FPEAES BHTHESHE
HHAE 10B 2408 T itEReGE (24555) S HRIATERE.

4.2.2 RS

INAEREZY Y 5 IRRF AN S L IS N 2 N S 2 i o= v, o

WL V57 Prefix-tuning [24]. Adapter-tuning [18] F{1 AdapterFusion [35].
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( A \
( f REMK 0@ <)
oD
>
SEER %
)
L S @ p, |t Value Vector
) . | ‘
BXiTRN ) L P S
[ ERNR | ; e |
LT T
P v
Py E:] ’Pv
A P
Wl e  wilske Wk
\\ [ I )
\_ Y,
- y,

Kl 4.4: Prefix-tuning 757 & .

1. Prefix-tuning

Prefix-tuning #1_— 5 /44 /) Prompt-tuning 43250, X 54T Prompt-tuning
SURHE G R BB B AR, T Prefix-tuning §— RZ|ELLRY AT ZRHT 2R (Pre-
fixes, Rl Soft-prompt) ##i A F|#i Adtk A LA Transformer 315 i, G 4.4
7R, P 1 P, 24 A F] Transformer block B[ Fi %% . #H Lt Prompt-tuning , Prefix-tuning
RIBHG I T A 22 ) W S50

HAKMIF, Prefix-tuning 5| A7 —#H [ E Wy ) & Py M Py, X2 ] B4R
INEFrA Transformer V& A PR HE K HIE V ZHT. 28{1T Prompt-tuning,
Prefix-tuning tH £ [Hi lfi 5l 2% B B AN FRE R IR, AT S 000 A 1 R wfe DA 8L
R, FESCERI A A, 82 A Transformer fAUHT, SEiflid—4~2 2RO
Pl (MLP) #HATESHAL . X EWEFEINER S L TE MLP FHI PR
MksEG, MLP (ISHaWEFE, UREBIHSE. BRI, Prefix-tuning 47
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F 4 F KA EHHHOR
/

T I
r I XD
BIERIfK é
N
’ \l/ _____________________ A
EEs o |
I 3
[ SR * |
LIREENE
RIERIT » E
ELHE R
¢ =3
R » E@
* “\\
[ awEmnR ok |
i y
] J

P 4.5: Adapter-tuning 7~ & & .

PATRIES: (1) S8R RANRSEAERI LR P, X &m0 174
S (2) RS IERENE : HIZESEOT DA RIS 0 AL 55 BT 1), Aoy =X
G (3) PRESPUNZINI: i FHIZABRR JFEI S 5 R E , Prefix-tuning
REAS R B T ZRad A 22 B A IR
2. Adapter-tuning

Adapter-tuning [18] 7] 5Till 25 i S B AL i AT ] 2 > R e R 288, R
il gy (Adapter) o JEMC A AHRIE 5 R 8T (Bottomneck) #5#4, BI—A> |
B E . — A ARLREM A — AT B B AR . o, TR RSP RN
GREEAE R — MRy R, Sad AR U S Rl E SO R R ] R AR 4R
& 4.5fr7~, Adapter-tuning £ Transformer [{)%—%3kiEZE )2 (Multi-head
Attention Layer, KW i) fM4edi4%)2 (Feed-forward Network Layer, &
B ZIEEIERLES . 9 Transformer )2 82 AW, TR 7 HSigiK, &
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B Fi 2
PC 25 P B 4 2 S LR A BB/ . Al PEFT 53k, AEUIIZhi, i [
AR SR, DOWERCES . JZIENME (B gk ete) DU IR R2 280 (K
HORARYE) FEATROR, T DAJCIE 4 s ORS8RI SR, AT SE ISR R
P EAAEHA ARSI 4.5 TR, &R AU 5 i — A T RO A
Wq € R Fl—A~ ERSPHIFE W, € R DLRFRZEERRAN, Hdr << d:

AD = g(Wyx HENYW, + HEY | 4.1)

Horr, o) REH AL, W0 ReLU 5 Sigmoid. AY ZEEEAHH, HI-Y 2%
[ — 1 2B BRIR A
FERERCAR T, N ECERER ARG & QERFAE i 2 ARLE r, I _EBO A
ol d e, G, 2R SE0ER 2dr +d+r, H P RERGEHEE X RS
WA WA r < d, ATRAKIE R &M Frif 280 dE—PH, &
BRI S50 W] AREBOT AR RON  2%, BN Z 808 )2, B R
i RO S R0 i Aok . A1, Adapter-tuning I8 VR 280K, BIANIE L
Beas B g L 1 (14, 561, DAL [15] S5 SRmE Al rT ISR 2 B o
3. AdapterFusion
1+ Adapter-tuning Joif SR FIIGREAY, i@l & B as S 80k~ AT
55 B R AR S B RAT T IR OZAT 55 BT A ANE . TR L, AR A & 2 ME 55
R , AT DA ERF 22T 55 B L d S A e ik . BT %83, AdapterFusion
PR — MBI BeA I Tk, e ZAMESS, MM S I TR RS R
& (Fusion) >k HZMESHIHIR . EAHPIHTBEEBRAE :
BB RRIN. 455E N MESS, ETEMESS I g oA R
TR A5 I RR . B B MR ZRor 20, 2Bl anh
o Single-Task Adapters(ST-A): Xf¥ N ML55, BALAR A IEFTI0AL, 4%
ML ZIEEATIL, BAI,
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4 ' )
4 | )
BIETIfK <L
AdapterFusion ¥
TTSYY)
BEs ® XN [ Value ] [
A A
bt |
[=ha e
" ‘\‘ :
_4’L— LRER
r SIEER j 1 iR
e L
BETK
> h I l
BEMK
[ BXTENR J |
N Y, !
\§ J

4.6: AdapterFusion 75 & A .

o Multi-Task Adapters(MT-A): ifiif Z/L45522 0% N MES AT G AL
B BB aintdley. BOMESRERCEE YOI ZR5E S, AdapterFusion R[]
RS TR A (Fusion), DASEHUANRALE . BT BEIA— R ARk,
BRETERRZ MEFE AR R A &, SLIUES AL TERHT B, HE
BSOS N DB SERE E , AU AdapterFusion B 24, I
PEALPA T 1% -

U <— argming L, (D,;0,®q,..., o5, V), 4.2)

Hrb, D, 25 n MEFSHINGERE, L 2% n MESWHURERE, © FoRHilgh
BMSHL, O FOREE i MEFHERARIRSEL, Vel GRS E. [ 4.6 i
AdapterFusion [/ 2 & . 432 % AdapterFusion fEHL 5T 24 3] 1) Key (4#). Value
(fH) H1Query (#iff) S&XF W IHEEAIE . ATEHZ M ) 24 1F Query, LA
i 24 Key #1 Value, T1RERIARIKEG 2 NGRS AR UAh, AR
(7] )3 e A R (B S R R S, ] ARE— i D SR

162



BFMm LR

( )
ErE
WA RIgE= SN A
M /L softmax
it 109its R
-
, SEmE RERER
M TEHL M
|ogits £8 4
. W,

P4 4.7: Proxy-tuning 7x 2 &l .

4.2.3 JmAEHR i

FEROR R TE SRR, R Sl DA R AL Hot, KSR SR8
feAERHER , Bl LLaMA 255 KIELAIA 70B 24, IR T PEFT 3¢
A, WXELAMEREH S GPU Lsg il MIFE5 150y ; ik, AT REJCIK % Vi
K8 & B RUE (RERBA) , SONRIRBE 1R

N TR, AR (Proxy-tuning) [27] $245 17— PR RV Y
it (Decoding-time) 5, ARWHRAMEA EZEBUCREFRAER LT, Wi
AL RIS iy P TR TN 71T, SR S IR R T S ) o — 20 & Tl f e

WP 4.7 Fos, 25 @ iR I ARBIERE M AR /INI IR T 508 (Anti-expert
model) M™, XM TFEEAFE AIFRER . FAT M- BEATROE, 5306085
AR (Expert model) M, TE4g—A> B [BIJAE BRI T2 b, ACBAOR 58
TR L ZA MT TG AR M™ Z IRl logits s3AfiZes, SRR Hm ) AL
B MR — AT logits srAfirf e B, ERPRORRITTRN B, #H4
Bt AT oo, MABRBI M. L 5B MT ML A M-
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HOSRIBURH I B 6 8 2080 s, s, s o AT RS HARBSERL Y i 1 4 8K 5

S=sm+Sm+ — Sm-, (4.3)
ORI, ) softmax () MEHHATIA—1k, 5304 34
Py (Xt | £<¢) = softmax(§), 4.4)

G, TR A RGBT — MR B 45 2R

FESERR T, S L AR NBIAL (14N, LLaMA-7B) , il fC3RAR
N2 ERAHAL (140, LLaMA-13B 5 LLaMA-70B) . it RERGE, A1
BB A S B W HIR, PA— RS e 24 SR O A% 31 b HORAS 2 A
MEAE T SRAS . RIS, d TR 2SR ) 0117, TS T 2 S AR A
R, BIIZ 7T ER T RS R AT .

AN T =R FZSEIMIE, /3 5bE e A e DA K
Pkt = Aoy S, BRI, XL RS R AR TIN5 S A RE A
BTB, BATSHE RS MAER AN 5 RS e AP 5 i T2 > (i kit %t
BRAUAR SR B DS, AR R . IERE LAY IR PR e T R R T 25
BRI SR, AEZALRE) RIS AR, e 4 i 75 5 W RS DASE /N AR BK B
HRSHE BEHAL, R E SRR 15

4.3 BROEE T

SHHEFE T (Parameter Selection Methods) e (KX S 54
SRCTHATHON . BB A RIIR , S8 IR BRI it
MOS0 T TEEBII B ARSNGB A . B, SAGRE RS
S BT A2 ST BT
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4.3.1 TR 5 ik

FFHONE T AR SE N L RIARY, #e WS B0Y g E B . TR
535 R AR M 7515 2 BitFit [50]. BitFit sl UL AL il 2 1 26 v i g — 2
A BT (Biases) PAMATLSSHRFE B 73K R SIS ROm RN o o Tl B I EASE
RGBS EP P S EEBIRRN (29 0.08%-0.09%) , BitFit Al IS HRER . A M
/P RZHL, BitFT {KIRAETE GLUE Benchmark [44] |5 4GRS, H 27
HLEAT 5 BRI LF. IeAh, BitFit Jr R M4 R G0 e BRI 21 %, A
WAZ T ERE AL R SR E o SR, VA TR/ MEAL (411 BERT. RoBERT 45:)
AT IETERE, AESEIIAY B RE R AT i HLAR

W% BitFit ASh, 38— S8 HARE T N A oy vk i i (UM 45 22 1Y Transformer
EARBEHSERCEE . Bitn, Lee 4 A [22] $2i, (%} BERT #1 RoBERTa 15 5 /Y
2 —JEIATROE , (ERESEILSE S AU 90% RPERE. PaFi [26] P A A f/)
EERON VU RINE 2 AUy SEINI 2 2 @

4.3.2 Fe 2R 5k

B BT AR BN St R b E St BN SR H, %
LA 2 Child-tuning [49] o G 1Bl FERT IR 5RO S OGS 108 4361 M)
PR TRBE T, TR 0B EE ASM AR I AT SE BN R 2 kg, 38
PR RO B . BARTE, Bk W 258 t RS E0ERE, JAT5IA
T—A5 W [FIZEREY 0-1 JERSAERE M, , 50 ¢ SRR/ %s G, PUE
Wz T MM SHE, HoE SCE

, 1, iftW?ec,
M) = 4.5)

0, ifW{ ¢cC,,
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Horpr, MY A1 WO 2 BILRAEE M, fl W, 7645 ¢ S0 i ANTe2. b, B

OL(W))
oW,

W, 1 =W, —1n ( © Mt) ; (4.6)

Child-tuning F2HE 7 AR A BT R 28 4EAD M7, e A P A AR (A AR 2 -
Child-tuning . 11 Child-tuning,. Child-tuning . J&—FES5ICIEAIARMA, BAEAUHS
ARATT T AT 55 BRI O T e 1 M 4% . AR AU, Child-tuning » AARSE A 23
T O-1 RS, A ik BEHERD M, -

M, ~ Bernoulli(pr), 4.7)

Hrb, pr RASHGRIMER, SR TR LS. Ak, Child-tuning, @545
MR R EEIEA T IE AL, AT 1k MR ER BRI LG, R mZALRE T .

Child-tuning , J&—FMESS BN IR, B T HHAE 55 Bk b5 51555 5%
MR TM4s . Bk, Child-tuning, 2 /RE R (FIM) SRAhTHEEE
RS M RSEIEENE . B, XT47ERESIIgEE D, BRI i S8
FELFE WO i ey /R A5 BAG Ty

|D| 2
, 1 dlog p(Y;| X;; W)
() W) = E J1g

Hep, X MY; G BI30R 5 @ DA AR, log p(Yi| Xi; W) S W EUL SRR
%, WEVHEBUR EBOT S WO RS R, RAOMRRSECT HRMES
RIS, B SRE RGP, R DRSS S AR AR BRI T 4
TM& C RA R R E/REENSEE . SR TMESHETRNT: Dt
HEANSEN AR ERE: 2) WX 22k & /R QEIATHET : 3) 80T pp HBl
SR TR C o B TS, Az URH RS 58 U A1 25
Child-tuning 3336 B B Mg /> 7T 0AAH, Rl TR RS S ], [
R TASEL 0 A XU . SR, I 28 R R BRSPS, e IR AEAT:

j=1
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55 LR
FFURBN AR BB RGBTSR . (HEUATTS , Child-tuning W] AR
WREFHRBAEZ M N IALS PRI, JUHRAENSGBIRA RSO . BEoh,
Child-tuning 7] DAfR 45 HoAth PEFT J53: 480, dE— 23R A M BE

% Child-tuning #b, Ay —LEHAEE T2 ) S ROERE Tk, BN, Zhao &F
N 551 BIA -SSR (AR ke ), i B e B S B Y (mask ),
IR AE S ) A e A i M e A T R B AT OB . 2848 FishMask, Fish-Dip [5]
(/1] Fisher & BRI, (EHEMRAERE ISR RIIZ S EOF T4 . LT-SFT [2]
% “REE (11 5k, RISSEEENE, RIETE IR MR b BUE AL i KRS8
TR SAM [12] f&th T— A" Pri@ir )5k, i AR AL ek oRE
Bhpk e SRR .

B Ve Rl e O O AR 24, AR BRGSO
ARG DU AR BEA T IROR] . BT R 5 A RS B 3 R e A i Tl
WIS EL, BRI RRAS TN ARG K o 0T BTz R A RS sl 5 PRl Y T
WA SIUHAE . AR, XTI ARG R A, tean, AR RS R TR,
DABZ ey~ 2 RS ) R AR M R A SR AR

4.4 {RBRGAC 5

ERAER A 4 AR [1] 69 W SH R A 4E R AR s sz, 7
TER DA S SRR R IRAER S ROE B . BT X — Bk, [RFRERC T % (Low-
rank Adaptation Methods ) i 52 IR AR [ e A (RS AR A B A B AL I, I AU BRORAIR
AR, DARIER RS OR . 24, JANTE SR g S i R AkE ey
% LoRA HySEBIANY H X M RS HCR . $53E, FF/048 LoRA MR AR, i
Ja, NaET LoRA SlfFALFFE, PARHAL S Z1LhE
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(" )

7)) 70

:> FRillsxiR E
Wy € Rdxk %

WA T

ik h
Wox + aBAx
TR #EME LIRS ENE ﬁ
Ac Rk B e RI*"
\(LLLL 4Ll \LLLLLL LD
\_ J
4 4.8: LoRA /R .
4.4.1 LoRA

RFRIENE (Low-rank Adaptation, LoRA) [19] $i& th F FHARAR A K U S 4067
FEMEA SE PR BRIEIE - 1207 VR SR AR M AR A A A N R . TR
I PRI AN R X R TR BT ST, KB4 T RO B AR -
ANITE F N LoRA Pk R AR SE AR, ARG HAT AR
L J5 ik

458 — RGN, BB W, € RO @it Rl 55 , A1l
HRBEE SR AW € RYF | W F IS HOEME TR W = Wo + AW,
T AR, AW BFEMNZZIE dx EANSEOTERE, XEERERE
(¥ GPU WA, BUAE B o ARG — A, W 4.8, LoRA XF AW Sy wi ik
SHEIHERE B e R H A e R™F, [ AR AR -

W =W, + aBA, (4.9)

Hrp, ®er <min{d k}, B AL AR08, o 40K
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BT, H T LoRA AR/ FEIIGR R, FEE w2480, (U
i BRI ASEL. WL, IS, LoRA LA EHZHEERA r x (d+k), i
INT AR d x ko 526 b, X AT Transformer 1 KHE SR8, B 2@
AWRISEAL: RO G EMET B AE M % (FEN) #h 882 . 18
JEIRHFTE, LoRA B M ¥R R R E R . Ja2e TARRIWREH N+ FFN
JE N PARE— 2P B AR RE [14].

LoRA fUH A RS EL, I EARESHSEREE, IR S8
1B [10]. BEAh, ARRRAE A AT DAY e g ARFR 5k & [3], 54 Kronecker /s & AT
PAE— 24 m SRR (9, 1610 B TSR, FEVIGR)G AT AR LoRA 45
BIBHIYES, FTPA LoRA ¥R B Wikt . LoRA ] ik frih (L g 155 Ak
ZA M P IEEAEE G [38] MfEME. UIRATA L AES I LoRA SR, W] PA
FrX S ATE R, ASRAT RAFRYBSAE S5 {2 AL PERE (201, FRATTRAAE 4.4.3 $24t
HAAROIEA N 5T LoRA SHAFIAE 5248 .

2. BEHE

THFEATA—A BRI ZE G150 B LoRA S HHE . i LLaMA2-7B [40] 15
B 85—~ FEN ZRRCEREFE A6, 4 i 7 2% 11,008 x 4,096 =
45,088,768 NS4k, MM r = 4 B, LoRA HEEIEE (11,008 x 4) + (4 x 4,096) =
60,416 NS4 X TiX—2, SEEMIHML, LoRA iR SR ihS40E
WT432—o HUORUL, BRI PIAE R 288 S U484 -

o FLENTF (Weight Memory): T AR A EE v 5 64 P9 A7

o W NAE (Activation Memory ) = if i) {47 A AR HP TRJECHE A R Y S AE i
FHILT batch size K/NPAK PSS ;

o FBJENTF (Gradient Memory ) : 75 Sz ) {47 9] [H) 75 2 R AR LRI N AT, 1X
SR A BT A YGRS Bt A T 5
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o fift#z M 77 (Optimization Memory) : M FIRAFIALEARES I AT AE . B
an, Adam ks S ORAF PTINZRS RN “—Brah i M < ZBraiE”.

SCHR (341 42 4E7E LLaMA2-7B #%4_ ff Fil b kN 1, B34S NVIDIA RTX4090
(24GB) GPU LE#EAT4 B IR LoRA RUIAMSLIEXT . IRISRIREER, 8
HRATFE 60GB W17, Hi RTX4090 () A% &, MILZ T, LoRA HFER
#y 23GB Y47, LoRA R/ T BAFMIN , fiF57E 84 NVIDIA RTX4090 | 47
LLaMA2-7B fif N AT e . BASRUE, hFarigis 8, AL mAramee
WAF S5 b 129 25GB il 14GB. 71 5h, IR LoRA 5 A THUSMY “HIE S,
SEAEE W AP AP (7420 2GB) , (B BRI RAR NAFR D, X
FHSE N2 T AZRE AT o BUAh, WA I BRI S RO R m] DA S i 14 . 54
MM, LoRA RS T 1.9 £,

4.4.2 LoRA 3284

IR LoRA JE—YE R iE(T 45 L RENS SR EF R RE , (HAEVF 2 2 R T T
% (WHEFEHERR [4,6,54]) 1, LoRA 54 BMR M FAEMEREZERE . R TRENX
—220H, 1% LoRA ZZ KT kit , PARE—048 T LoRA ¥ A 55 (1) i 1
fE. BUA T EFEEMOA LA A BTG (31]: (1) FTHARRORS (2) 3ha#ksY
il 3) W REMiAL. BTk, 00 BN =R BRI Ry v
L. FT R BRI

LoRA [RAR BEHAF P SEHAE S B8R ERA RS S, xR TR
BB S BALCAZH MR FNIE B R IEAT 45 BB ) [4, 13, 21, 541, BIFEAEARBRIf .
Biderman %5 A [4] WSCERRFT £, SEMIAMNFEZ 5T LoRA iFk (10-100
%), FHIGM LoRA [RETT A%/ LoRA 154 RO 2 [ MERE2E0E . RIE, —
SR, BYEFTHRBOM AT [25, 36, 48].
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B4, ReLoRA [25] #H T—Fh&HAIE E (merge-and-reinit) K575, %5
VETESOR I AR R PR LoRA G IF 2 KB S, IFFE &I 5
G4k LoRA BEHFIAL SRS . HokH, ST :

W'« W'+ aB'A", (4.10)

Horp, W IR AR, BY A AT RARRR MBI AR, o 2N T &
G, BEE B M A WEER, @5 B 2 HRERRI )% (41 Kaiming 4]
k) EETIIRAL , T AT MRS EA R O T B IR S M BE A, ReLoRA

i Sl IR B ROS EAA RS AT . I AN A R SRV A AR
FEEZHEAZNO N, B2 kAT LoRA B 2GR FRARAS, AT i
ReLoRA BER I 2k i P RE R AR ZRAO A

2. ghEPs B

SR, LoRA BYFRIHAS BBk #k iy, JUAR) LoRA Bkl fig & FEUMEREMIRCE
Rk, IFH., ORI R ] A4 A Transformer #5284 WK [6] J2 11 A7 AE 22
5, WILFEE AN Z0EAFE R 17, 30, 41, 52],

Bilfn, AdaLoRA [52] it 5 SHE S E A S H 3% (SVD) HIE

2, Pl AT A A SB[ 2 o LoRA B R, BAfH, AdaLoRA ffi
MH A REF R AW, H)

W =Wy + AW = W, + PAQ, @.11)

Hrr, Pe R R Qe R ZIERZN), AR—AxAskE, Hiad (A

W H. TR, Wo WS8miE, SOEH Po AR Q MISE. AR

JERCE ALK N BT (A i A e (E R S A5, AT R A e B AT

EREIAL. HeA, R T EREE UIZRTE, AdaLoRA 5| A—NEAMY LTI Ok P
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1 Q Z IRl IE A M
R(P,Q)=||P"P —I|} +[|QQ" — 1|3, (4.12)

Hor, TZ2RAIRRE, || - ||r 13K Frobenius {24
3. ZRit FEiEfe

TESEBR ORI AR, LoRA RS FE e A M 228 . IAh, Bl S5
Uk, HHAEGERA . X520 T LoRA [RCRH PG T H TS R RE .
KT fRYLX S, — 26 TR0 LoRA [l 2t B R4 T4k (32, 451, fo 3=
75 ¥ DoRA (RUEE 43 ffAIRRIE ) [29] 2 Hh 29 Rk BE ST, 2T BB 2 50 O o)
Ak BERFIIGAE Wo € RN Ak m A NFIAE4, FH005 LoRA .

AT T A AR VISR E . B, DoRA X Wy € R™F BTN

V W
o = Wolle o
V]le "l IWall,

Her, m e RVF IO, Ve RUFZIr G, || - || RRETER—5) Lim

BV BE)S, DoRA {7 M V jhn LoRA #4724k, &SN

_ V4HAV - Wo+BA
VAVl T [Wo + BA|

Horr, AV g1 LoRA 2] R T7 [ BORT, T RILSHER IS EL

Wy =m (4.13)

W’ = (4.14)

4.4.3 J& T LoRA flifFffE55iZ 1t

1t LoRA RS W5, FATAT AR S B Hite B Al A WAL F7p Bk,
TR RSB X IR A SRR . RBER R AR S HOR S R R
P AT DAFEAR AL 55 EUINZRAY 45 Fh LoRA B, X SubtHufi (i )y £k
i 5. A, BATETT A ZAMES 1) LoRA S A, RIGFA R
S 1R IR B PHT S . LoRAHub [20] $24L T—/1] FI £ LoRA ZH &1 7 vk
fESE. HADRF DA S EAF R LoRA FPFIEATAL G, MTIHRAHI o 55 1Y fiE
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( LaRASBHEE N
e iz e a%E
E% 15% 1i§ Ti% w1 Ay +w Ay + -+ + wy Ay
. —- 5
\: L// NV N N NN
// B, \a\ /B, \\ By By / \
x x x B+ Bt By
inﬁﬁ\j w, ws 1§3 o By +wsBy + - +wyB e
| : 15 OO,
| LLM \J\ |
‘\\ NN
\_ IS )

P 4.9: LoRAHub 7525 &,

J1. A 4.9 fras, LoRAHub WEPANBrE: 4l BB g mbrBe. fedl BB,
LoRAHub 227 2] ] LoRA Hb i 1 8 TC 3R 2 M A A o B — A

m = (U}lAl + UJQAQ 4+ -+ U)NAN) (w131 + ’U)QBQ 4+ -+ U}NBN) 5 (415)

o, w; 25 i A LoRA BEERIGALER , i R AR IR, AL, F1 BY, 435l N 4
LoRA 7} AEFE . FERGIMITBE , 47 5E —LEHH T 55 1Bl , el Jokk T ¥4 Shiwa [28]
HIE N Hb2E ) WA A YA ASE ks, EERIIRROREN S, A
SE SRR AT 55 B8 Mo

AAT R TSGR /75 LoRA, LoRA 38 53 X S 5500 ME s EA TARAR A0 i, Al
GAFAERE , RIEED> TSRS E R 1AL, BNE T HFTHARRIREL. shisfk s
B AN 2t AR AL S5 [] £ BE A LoRA AOZE IR . eJim, /44 T 3T LoRA JifH
145124k 773 LoRAHub. LoRAHub i@ i Xf 2% >J ) LoRA fH Ik &, A2
55 Re I ER R 55 b, SR T — R i s L 55 27 >0 K
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45 Sk R

PEFT $ARTEVF 2 Gl b R L 1 Hss R IV J7 . AR5 489 PEFT [ 55 Bk
SN FESEBES S, FATR 48 H Bl AT PEFT fE2X, Hugging Face J1 4 1)
JHEZE HE-PEFT, e i Fof I 7 i RIAH 6 55 o AR RS, FRATHRF /R PEFT
BERTEA ) 3 LU B B 00, A R AR A5 Ak PR 5 R U ). Text-to-SQL
FEMAT S5« IXEERGIA GG T PEFT FE4R T RMEAR G AT 55 1R HE 7 1 1A 20
AR TR L T 2 2% .

4.5.1 PEFT 52

TESEFR N T, PEFT BORP SR 2 e B2 . AN R £+ 44 PEFT
TR, QA ZRMECE . ORISR, BIAMERS SRS NEA,
PASAH A 425
1. PEFT J:ifiHER:

H il et A7) PEFT HEZ002 ty Hugging Face JT % (9T 42 HF-PEFT *, £ &
TERA IR e HE R SR UMM Jr ¥ . HE-PEFT HE 22 138 137 2 2 12 0R0 R 35 1k
HF-PEFT £ T 2 Fh e bR EH A, 1 LoRA . Apdater-tuning. Prompt-tuning il
IA3 %, HF-PEFT % $F'5 Hugging Face ff) HAth T. 2.4 Transformers. Diffusers /I
Accelerate JRAEERIN, H H TR M BALEN A1 RS AR AL I ZRAI R 37 5 . HE-
PEFT ¢ 53 ) TR AL, RERSYE I S ik Eoc st pe, HF Hl DA SR &
AR, b TR N7 K. HE-PEFT SCRRZ RO, (045
Transformer F1 Diffusion, JfH VM P FalE, 1EH B FJSH PEFT.

HF-PEFT {55 — & B2 B s M. eiR0t 7 irginy o, Bug Al

2https://github.com/huggingface/peft
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55 LR
FEEAUR GRS *, ATDARS B P T g e s 115 PEFT &84, DAR AN a2
1Y PEFT BRI EATHERE . 4, HF-PEFT #8430 R S8, 8t X 5t
R, Je—IIRESR. BT R R A

2. HF-PEFT HeZ424di

{d1 ] HF-PEFT HEZ2 JRATAC AL G ] DA 2 B 4R TR AU R e AT 55 B ERE, A
I RFFINZR Rk 8%, (01 HF-PEFT HERLHEA AT A S g 20 R AN T -
1. R GIAE : ¥, FEFRSE R 2% HE-PEFT fE4E J HAH0, %12 Hugging
Face f{J Transformers 4,
2. EPEER % MRS TER, PR S SR BIREEY, I &AM A
GEHRE
3. BER RN PeFE A RIOR DTV, B0 LoRA Bi@E Fiids iR .
4. BERIMEST - BTN ZRB AL i s i RO YA AT IO E., AFEAE 552 AL
WA, SHES.
5. BORIYNZE: & e NgRints, mInpikmE. Mmdsis, F e,
(7] s T 7 FH S o N 2 ) SRR FE A R
ek PP, W DA Rt ) HF-PEFT HEZE A TRCAL A, DAE B AR5 1Y
R4k, IHHRTHEALERE.
3. PEFT HI2:555
HF-PEFT EAR{L T Z M SHE AR, A TAEARROR e B S 40 1
DU, AR I ZRTE S AAUE WA R I . PAT 2 —28 PEFT HORF Y
SHWEITIA:
Prompt Tuning

o num_virtual_tokens: F/~ MR MESS RN virtual tokens [ E, 2%

3https://huggingface.co/docs/peft/
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FURIK T, ZRKIEEEBEAE 10-20 Z 6], al AR ALK BT IE 24 01
o prompt_tuning_init: K7 prompt ZEWHILA L. AT LAREEFEHLHI 1A 1L
(RANDOM) . SCAIIGAL (TEXT), i HAblrs(. SCARWIIR I =0, Al
DA 2 SCASK prompt embeddings FEATHT 4R 1 AT SL -
Prefix Tuning
o num_virtual_tokens: 5 Prompt Tuning FFAH[A], F/RMI1ER virtual tokens L
, BCEAM Prompt Tuning JE{Bl.
o encoder_hidden_size: 375 I T Prefix Zfih i) 2 ZI&FIHL (MLP) ZEHYR/D, il
AR Y B 02 /M PR o
LoRA
o 1 FRIARVIN, JHTHa i BB M S AR . T8 P DA R/ N A 4 8.
16, XFT/NddE, PR EUCE /MY .
o lora_alpha: ZitH ¥, H T4 LoRA FLERK/D, @H S r U, AR
R SR — St
o lora_dropout: LoRA JZ2{fj dropout %, J T TEMLBARY (i ik, ATLARE T
H—E/NE, HAn0.01.
o target_modules: 5 E R H LoRA Hr i A AEER, Qi B 7L i) query
key. value Jiff. W PARERRRRE RIBLBRUEA TR0 , s RO pTA 2z
TEERENE, AR SHORE v e R T AR s SR R R AT
FAHFTAE, B AR bR ] AT RE R BRI S0 45 R A T B

4.5.2 PEFT jiJ]

FEBLSER I, A e LU s AFAS O T AP 6 R B . A
SRR, R RSB AR 2, W e, BT, B55. UEREAR
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Z . SR, GE SRR TN SRR AR R ) G R AR D, X O
FARBARA ) WA 55 LTRSS AL S Y R A e 2 S
BOS OO g SR Y R R R SR e A EAPE A2 5K S
B RUNOIR B A Y. FIAE AR B A i A2 s A 52 61

L KRB i)

FARBARA R AT AT RS IR L BP PR XA TR, TR
95 LA HI LT IE  (Structured Query Language, SQL) 4. 4T, SQL
A 38 75 10 B SR 2 i) AR B B A A IR TEA RO, Ll N - RE A8 8 R &I (]
AT . XTI, AR SQL W RETR T4 80E E R A I )R A%
SRS, S SQL AL A FEHIREIRE TR, h T HRIEEE
AR IR, AT DAKE B ARG 5 SO B 3hiflliE 8 SQL AU HY Text-to-SQL £ AR5Z
B TTZRRIE. HTRAKE SQL Ja B i (A A Sh R 4R 2R, BBl 5 e
2 s R i e I 720 €1 LIPS B A T [ S e S G NS ER e (B
PEERE, RER S TR IRCR, 120 BB AR B R A (e
RIEF B 50 KA A I8 RE 110 Text-to-SQL AR K TAPLE. (Hig, TEX
AR AT, QA , XA A5 T RO EE . R D BEER I T4
SRR 75 5 S B AL 06, RER ) PEFT $2 AR BEA T35 S 00/ 4>
T 4 i A 40U, Text-to-SQL f£55

TH ) <55 ol B 900, FinSQL [S1] 421 T —F 51X 4 fil e 4003, Text-to-SQL 1)l
SRMEFERESL . AN 410 fR, ZERA SRR . SEESOR R A=
ARG B, SN IESE R RIS R F AR, I B m AU REE, K
RGH P BRI T B SRI5, R PEFT $OARXEL BRI TR0, @it
LoRAHub fil 4241~ LoRA B, 42/ DREASS S HERE . S5, i AT 18

AR SQL Py AT R , I Self-Consistency J5 {4 — 2t SQL. FinSQL
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1 ] ] ]
| [Text—to-SOLEE 2a582 | o) BEER .- EEER b - SO || |
1 Z ! [SaL2 Jl——— [saL 2 || !
aRiESRI o | EEEER [ |6 orAT 66 LaRAA 6| ([ p—— i

T 1 | = s =
eeeeeeeeeeeeeeeeeeeeeee B X D833 [l @ SHNEIPIL8in Hub @ ' H T P 1
Csis.. [re e ] 77 o @: J, & L u ‘L ' ! 4‘9—‘ 1
calim BN A IF‘luain HuhU: _\—7: C: :C... Vo SOLRg# | i
16 k1 ] 1 !
v '
Select Ty, Cs Fram T jain T — : ﬁ: @f@l I°¢ T @f@n @ : : 1
on...Where Cs... g - - ] | ces H
i LRATIS - ~JllarAln 18 oo Bl 1B Do i
ohemas lidd BEER Ho 0 |60 D o |
2 ] | !
@ ) it |y LaRA_k o ! '
& L : i SeH-Cansistency i
¢ g J © | mmem | al il ! DL @mALoram D] v :

\y | % -

we |l LoRA  +++  LaRAm Bl e e |
g @ & |1 BEEgz .- BEER b |epa ] !
______________________________________ i __iEmmmenTRecRaAREsRen | | | STEBRIE

P 4.10: FinSQL 7= &

T RLTTE, AMURERTE THERRIEMRCE, @RI TR G A
IFHYSEKBE ST, 4 b U et 7 I A D SR SRS (I 1 5y TSRS
2. LR B o

SEMEIRA AR, T RARTE R AR T . (B, R
AR i —— SR Z R . A5 2 S S B X 4 D B R AR A —— (A2 5t
HITR B ) Ty IEME AL N . KOl SRR SR P g b T R EEIR AR, AL
AL LR RERS TRAN RSB AL A R A A (B2, O TBURELFAYTERE, &
H K IR 75 2D BARIC RS R T Y /A AR 55 SR, e/ R s B R
WA S FEud WA . mT PEFT AdRE0 240, eaR il am g,
TR F AR AR LA Pk RE BN {2

Blan, TabLLM [17] $i i HF K8 SRR IR A ZAS LI 7 AR, & 4.11
MGTTIREZR P o AR RS AR P AU AL B AE A, R B 3E0
AR R TAA AR R KR SR AEDREABLE Y, ] LoRA FE— SR 1 B
AN R FHSATROE . i), TabLLM FE 2 EERR S i BT IR
AW FRPIHLT R Oh, AEREARBLE R, TabLLM Py PEREES TR 52T
PSRRI GERE L, R T 9 K/ IMEEAR 2 T BE T
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1

W coc | educaton | gain [ income | f |
1

1

1

|
! 36 HS-grad 0 >50K 1. %M FEFIL | | The age is 42. The educa- | 2. PEFT i i
! 64 12th 0 <50K tion is Master. The gain is !
1 594. |

1
H 42 Master 594 JETAHERY IEER !
! [B]&: Does this person earn more than 50000 dollars? Yes or no? Answer: i

e Rt L LT TP LT E TR P TR T L LT TR LE B v e L L L L ELE L LR LR L EEEEEEE
FOARTIRERIE ;o A J=p: Eidkii3: ]

The age is 28. The education
is Master. The gain is 1024.

The age is 28. The education
is Master. The gain is 1024.

Does this person earn more
than 50000 dollars? Yes or
no? Answer:

Does this person earn more
than 50000 dollars? Yes or
no? Answer:

&
RN

_________________________________________________________________________________________________________

P 4.11: TabLLM HEZRIA] .

RPN T SRR RO BOR LS N . H5E, AINE T PEFT Lk
Z8HF-PEFT S HAETA, Hv4H 1 PEFT WM K55 . o, J&R T PEFT £R
AR K T S AR T AR B B A S AR 55 LRI ERRE, (SR
A2 E AT 55 1 [R] I PRUE VN 2R

525 ik
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