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The Classification, Applications, and Prospects of Prompt Learning in Computer Vision

LIU Yuan-Yuan' LIU Shu-Yang' LIU Yun-Jiao' YUAN Yu-Chen' TANG Chang' LUO Wei®

Abstract With the rapid development of computer vision (CV), the growing demand for improving the perform-
ance and generalization of visual tasks has led to a further increase in model complexity and the need for various re-
sources. Prompt learning (PL), as a method to effectively enhance model performance and generalization, reuse pre-
trained models, and reduce computational costs, has gained extensive attention and research in a series of down-
stream visual tasks. However, existing PL surveys lack comprehensive classification and discussion of PL methods,
as well as in-depth analysis of existing experimental results to evaluate the strengths and weaknesses of current
methods. Therefore, this paper provides a comprehensive overview of the classification, application, and perform-
ance of PL in the field of CV. Firstly, the research background and definition of PL are introduced, followed by a
brief review of recent PL progress in CV. Secondly, PL methods in CV are categorized into text prompt, visual
prompt, and vision-language joint prompt, with each category elaborated in detail and its strengths and weaknesses
discussed. Next, recent advances of PL in ten common downstream visual tasks are reviewed. Additionally, experi-
mental results from three CV applications are provided, summarized, and analyzed to comprehensively discuss the
performance of different PL methods in CV. Finally, based on the above discussions, the challenges and opportunit-
ies faced by PL in CV are analyzed, offering forward-looking insights to further advance the development of PL in
the CV domain.

Key words Computer vision, prompt learning, vision-language large model, pre-trained model
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Fig.5

Comparison of four methods for introducing vision-language joint prompts in vision-language models ((a) Inde-

pendently train the prompts of the two modalities; (b) Train the prompts of two modalities in a shared manner; (c¢) Utiliz-

ing two MLP layers to generate prompts; (d) Employing a lightweight self-attention network to generate prompts)
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L BE T 24T 55 B SCARSE R TT %, B e AN TRAT:
55 Hh 2 2] — H 3 I 3 RN ) EOR A AR AN R 5%
Z A LA IE DL SR AN [F] B AR 55 142 7.
M JE AR AN [R] B ARE 55 18] AR G Vb AT 40 41, 7
FA AN IE L SR W AOUORE N H b3R5 MVLPT
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Visual prompt methods in image recognition ((a) DAM-VP based on pixel perturbation prompts;

(b) VQT based on prompt tokens)
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Fig.7  Vision-language joint prompts-based MaPLe

image classification framework
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2.2.2 ETURERNEGRSEGE

VPTH! Al EXPRESP £ 3 Transformer ff)
F—E5I NETHIR tokens ML IR7R, A4
RRZE S5 EILHSH. Lin P Wik TR
BEHR AL B $ 78 SPM (Semantic-aware prompt
matcher), 8 A YR 3 T W 45 1 AH BB B 18]
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Fig.8 Flowchart of the SAM method
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Fig.9 CLIP-based OVD framework ((a) Introducing text prompts at the text encoder side of CLIP;
(b) Introducing prompt tokens at the image encoder side of CLIP)
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Fig.11  Flowchart of the ViPT method
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Fig.12 FEWVLM model structure based on hand-crafted text prompts
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CG3D I Zrid 2 22 > B AR S H0L Re o 2 Fh

2.9

A FR AR IR ST 1 A
2.9.2 ETUR-ESHERERTH 3D RAGEE
T ¥R CLIP #A4 fE 3 3D iR 5
A, Zhu &0 b 254 CLIP 5 GPT-3, #& i
PointCLIP V2 #A. JeA A @ i 5] N $En B st
A AR B R B B B AR B, (R ESERIF GPT-3 1) 5
AR TG NEL 3D 15 R, X — I ALE E1
s TRLRLTE 3D A LI MERE, ISEFFEA 3D 4y
R0 3D HERGIEATSS LR T TR 6E /).

EligmEES

BI5GB 07) 2 FR AR A SO A Fa A\ BB AT AR
BRI ZE IR RE ) DL 5 LR 5] ) s TA R A
B BLHE BRI TR O T R R
B UL B N R 55 S AT 55 1) PL 5 i
T BRI T SUARTRR I B a5 1

Text2LIVE™ 38 1 P &5 £ 8s 52 A i Il 25 11
CLIP BRI 5 A i g WX 2%, (il HRE 6 76 SCA IR
515 B 3l A H 1 ) G SR 8 G (1) %
Gl X k. 1% 45 A L B RN I B A B
RGBA 42, 5B & R ER mEE S R G

2.10

i NG, SR IRt 5 PR ILAT G e 1R
SRR S i
3 SERuSTAR

A5 8 I SE G LU A, xR 26 R
Iy EVAN 22 S H AR ER R AT 55 Hh M R ) PL 5 kAN
4 PL FEdEAT V-0, AE B M EERIE PL 7k
FE PR R () T 5 R I T 2R 7 DL K SR T A
T AR HERA VR A AL RE 0 55 07 THT R 34

Elig 5 RES

AR SIR RT3 AR
EEG 2K, L iEE PL J7 i B4 4 i

3.1

3.1.1
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W (Fully tuning) FZEPEERIN (Linear probing), £
SR PL 745 VPR, VPT® & DAM-VP?Y,
FHENA. VP NG R iR g & s,
VPT fERA % N tokens 751 FR s i/ & 3R
tokens, DAM-VP i ] 52 7120 B H i A Xl 73
RNEANTIE, NENTHED A — A A 4
AN, A THAORE 5 VL B I SR R I T S50, 2
PEERIN 77 1k FOSE B P 2R 1 2 Sk B 2 8k

PR, AR 8 A WL EURE L KT
iy B3R VAR PERE, B8 BG4 CT-
FAR-10 A1 CIFAR-100", &) ¥#E 4 Food-1011,
SUAPESE DTD™. J5 2 | T 75 48 SVHNT,
R4 CUB-2007, H12%dE4E Stanford Dogs™
LT EIEEE Flowers10282,

SEAFEHR. (5 Top-1 HEREZEAE AP HE 45,
BRI 70 AR IO T A (R A 7 R AR ) b g
FH T 5 53 RS AE BN BR 4 ek M R

PATHN. A SCEIAE ImageNet-22K i)l
251 ViT-B/16 (ViT-B-22K) 1 Swin-Base (Swin-
B-22K), {E I 2R [ B R 38 7~ 2 50 DA K 43 2K il
kIS4, 98 PL 77514k 100 epochs, 1 PL 75k
{XINZE 50 epochs, 3 2 J&7x | AR ER Top-1
HERR RN LL 45 5.

R oW, SRR L VP I VPT X+
AN 7] 22 B 1 1) B B 5 [ e S ) L 240,
AR YRS SRR M B A SRR B, TEAN R
£ ERIHE R AT E . Fltn, /£ CIFAR-100
a4k b, VP BERT9E PL J7i2%, 1M4E Food-101
¥t b, 538 PL 5 A AH L A7 7R B35 1 PR R 25 1E
VPT f£ CIFAR-10 A1 CIFAR-100 ¥t#i4E FAEXS
TR BRI J5 2 ) M e SR A AR AR B ZE R M
DAM-VP J5ik 3R BT 78 00 5 R AR S 2 FE

R, R AR R A A B A TR R R BN A 2 BT

PeonEE, BeE LUR/D I AR IR RN ok 2 Bl B

35 2T i AE G 2 AR R M Re.

3.1.2 ARXARRAEMMEBSHKERTA
JEXTEE

FIER A, A SO L AN R B os 7 vk i g A
28 i I — 1 S R I G o SRR, A3 A
HETF L& SCARSER I CLIPY B8, ff
LRI CoOpt™ LAY, JE T UL 51 J 1 ST A
NI CoCoOp!™ LAY DL K AH F AR 0 —15 5 B & Hem
f] MaPTLel" 57,

BHEEE. 76 11 AN IA R EG o R B S X
R AT VRAG, XL PR R 45 2 VI8 X R8s
£E ImageNet!"? Fl Caltech101™; 5 NIk FE £ ¥a
£E OxfordPets™ StanfordCars™. Flowers102P%,
Food-101% Fl FGVCAircraft™; 1 N7 5tiR A 4
4 SUN397™; 1 A Eh/E R Hidl 4 UCF101™); 1
MR HPELE DTDM, 14 TR BHEHHR4E Euro-
SATES,

P FRBR. DL Top-1 HEREF NN F8 bR P4 1Y
AR LR B HT R 2 A RE ).

PATYENT. 7RI, B R R A e
5% (Base) FI#12E (New), HT CLIP ff % T F T
WIT XA R, WH NGRS, B LB EFEA
W HE, CoOp. CoCoOp Fl MaPLe M 7EFE 2 18 1E
DREARWE, NEAEREIPE 16 NFEAZEATII
Sk, T JE MRS RAH K Lo At AT PR, IR S uE
THESRPSL]

R 3R 3 ML B H TR 5] NIE SRR
Ji, CoOp fEHEZE FRIHERELL CLIP R ERF. 24
M, IR P T DA AR R G B SR 1032 A e 0 AR

®2  BEBOEMEST PLITENAE PL R EMPEREXT L (IHF R TERE S, TRIZFRRPEREIRIL) (%)

Table 2  In the task of image classification, a comparison of the performance between prompted and unprompted
methods is presented (Bold indicates the best performance and underline indicates the second-best performance) (%)
ViT-B-22K Swin-B-22K
Ik PL 7 PL J5 ik Ik PL 7 PL J5 ik
A LRI VP VPT DAM-VP Ei el LRVEERI VP VPT DAM-VP
CIFAR-10 97.4 96.3 94.2 96.8 97.3 98.3 96.3 94.8 96.9 97.3
CIFAR-100 68.9 63.4 78.7 78.8 88.1 73.3 61.6 80.6 80.5 88.1
Food-101 84.9 84.4 80.5 83.3 86.9 91.7 88.2 83.4 90.1 90.5
DTD 64.3 63.2 59.5 65.8 73.1 72.4 73.6 75.1 78.5 80.0
SVHN 87.4 36.6 87.6 78.1 87.9 91.2 43.5 80.3 87.8 81.7
CUB-200 87.3 85.3 84.6 88.5 87.5 89.7 88.6 86.5 90.0 90.4
Stanford Dogs 89.4 86.2 84.5 90.2 92.3 86.2 85.9 81.3 84.8 88.5
Flowers102 98.8 97.9 97.7 99.0 99.2 98.3 99.4 98.6 99.3 99.6
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3 MIERFIHRAZ AR E T CLIP. CoOp. CoCoOp Fl MaPLe %} b (HM A3 % Z 25 A1
IR HER R IOR AP, Ik AR R R IR) (%)

Table 3

Comparison of CLIP, CoOp, CoCoOp and MaPLe under the generalization setting from base class to new class

(HM denotes the harmonic mean of the accuracies on both base and new classes, bold indicates the best performance) (%)

N ) CLIP CoOp CoCoOp MaPLe
e/ S
Base New HM Base New HM Base New HM Base New HM
ImageNet 72.43 68.14 70.22 76.47 67.88 71.92 75.98 70.43 73.10 76.66 70.54 73.47
Caltech101 96.84 94.00 95.40 98.00 89.81 93.73 97.96 93.81 95.84 97.74 94.36 96.02
OxfordPets 91.17 97.26 94.12 93.67 95.29 94.47 95.20 97.69 96.43 95.43 97.76 96.58

StanfordCars 63.37 74.89 68.65 78.12 60.40

Flowers102 72.08 77.80 74.83 97.60 59.67
Food-101 90.10 91.22 90.66 88.33 82.26
FGVCAircraft 27.19 36.29 31.09 40.44 22.30
SUN397 69.36 75.35 72.23 80.60 65.89
DTD 53.24 59.90 56.37 79.44 41.18
EuroSAT 56.48 64.05 60.03 92.19 54.74
UCF101 70.53 77.50 73.85 84.69 56.05
FIME 69.34 74.22 71.10 82.69 63.22

68.13 70.49 73.59 72.01 72.94 74.00 73.47
74.06 94.87 71.75 81.71 95.92 72.46 82.56
85.19 90.70 91.29 90.99 90.71 92.05 91.38
28.75 33.41 23.71 27.74 37.44 35.61 36.50
72.51 79.74 76.86 78.27 80.82 78.70 79.75
54.24 77.01 56.00 64.85 80.36 59.18 68.16
68.69 87.49 60.04 71.21
67.46 82.33 73.45 77.64 83.00 78.66 80.77
71.66 80.47 71.69 75.83 82.28 75.14 78.55

94.07 73.23 82.35

Wi, CoCoOp i i 5 7% L3 7 o ek, i FH 3 T
EIM% 51 S 1 SCAS 7R R TR AN SRR R AN . RS
F FARIES CoOp AT HERERI AN, #E—B4ETH T
AR B R Lz ge ), B B Ak 8] 7 FFEA
(1) CLIP #AY 1)/KF. 1 J& , MaPLe i85 FH AL 5~
BE AR, PRI TR SR R
(IR I, 2 B I Fofr ] B 5 ) N 9 b A 25 i s 16 7 V)
THREFR 0 —1E 5 AR Rz AL M Re 1A 2okt Ak
— B RB LS PL NHT CV ARSI T 185k
(Rt AN S 17

3.2 BEBRSEMES

EIE 3 EIR B4 s Lo, S oy A0 4 55t
E| ZRKTFALSS, AT DB S5 BS54 4T 55
R, R PL vk AEE PL 7 B4 Tl
SRNT R B U S I PR R I

A, SPMP Al AdaptFormer!"! £ 1)
G E T M 5] N2 BRI VPT fE3
T I INEE 7R tokens. fully tuning 5 HT AR RS [
i8S 4. head tuning H B HA A 73 Sk 2
#. SAM™ I EfficientSAM! i ] £ /HE / SCA Bk 5
A NIRZR, HQ-SAM! 7 SAM FIFERD R s % Hh
I N$27R tokens, PA-SAM™ 7E SAM [HIH#E05 it
28555 N$E/RIRER. Mask2Former™ #1 OneFormer!™”
Jii H UG oy B A,

BEREE. 0 T8 X oE|, A g ST
HAE4E ADE20K ™, 45 150 AN 5. X F 5L
i) 432, I BT COCOM B 4L, s 80 4>

.
M HEFR. X T ADE20K 1 COCO 4k,
S22 I (mIoU) F1 mAP 1E NP FEFR.

PATHH. 15 L EH ) SPM. AdaptFormers
VPT. fully tuning Al head tuning 33 F il %k
[ ViT-L. S£6143 #1791 SAM. EfficientSAM. HQ-
SAM. PA-SAM {5 FH ILAG () ar I AR 28 7= Az fy s il
HEAE AE B $ERAE. LA, HQ-SAM 5| N1 22 3] 1)
PR tokens, PA-SAM 5| N A 22 2] $g s b, 4
PL 777 Mask2Former #1 OneFormer {# /] Swin-
LAENFET M.

SR EE L EUES T, £ 4 B R
W BT ) PL J7VEZAL T-4E PL J7V% head tun-
ing, SPM. VPT 1 AdaptFormer 5 fully tun-
ing AHHAIAAAE — AR EIVERE S 35 (HE, 1IXLELTT
V5] DR 2 el 25 A SR TR T A . SAM
RAVEAI ] DG H AR SR fully tuning. 5] A$2
REHE SPM A1 AdaptFormer ZAL T 5] AR~
tokens 1] VPT, 2 B ¥R 0 2 Pl Il S 2 vh (1 4R
TEH B8 7= AL B A A A s, 3k T AR Rl B HE A 2
PIREAE, 515 T 2R Y 7= A e s 25 SR 78 5249 2y
EUESH, 2 5 B s B 5N FRZR I SAM. HQ-
SAM 1 PA-SAM fEIET-4F PL J5¥% Mask2For-
mer Fl OneFormer. ZR 1 SAM (XA FE T [#] 52 HE $2
INPEAE B AE R HQ-SAM A1 PA-SAM M 45 & [
TEMESE /R ANA] 22 ] 3R P2 AR oy B S5 5 MRRe R T
SAM, R A% 2] W4 A0 T [l $g 7. 5 4h, 4l
NPT PA-SAM BRI T 5] A&7 tokens
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* 4  ADE20K %l fk b PL JriAA04E PL
JIE I Sy EITEREXS EL
Table 4 Comparison of semantic segmentation
performance on the ADE20K dataset between

prompted and unprompted methods

A (M) mloU (%)
SPM 14.90 45.05
VPT 13.39 42.11
PL 5k AdaptFormer 16.31 44.00
SAM — 53.00
EfficientSAM — 51.80
fully tuning 317.29 47.53
4k PL J7ik
head tuning 13.14 37.77

EEHFRIRE ), RIfE— @ R R T, MRS
DI BRI o e it 5 ) b 43

PATFS. PL 755 OsTrack A [F] A4
Y BRR RN K R A, BEANIEE ) T ARERPER Os-
Track. FANet f1 SGT 1£24 RGB-T REIE PL
2] 05k, IREEVERERT L4 AN 6 R,

® 6  ZESHEES T PL J7EMAE PL
TTEERITEREXS EE (%)
Table 6  Performance comparison between prompted
and unprompted methods in multimodal

tracking tasks (%)

#5 COCO #fi% L PL J7idfidE PL J5iEH
S 3 B REXT LG

Table 5 Comparison of instance segmentation

performance on the COCO dataset between

prompted and unprompted methods

RGBT234 LasHeR

precision success precision success

TaTrack 87.2 64.4 85.3 61.8

PL MPLT 88.4 65.7 72.0 57.1
WIRES ViPT 83.5 61.7 65.1 52.5
ProTrack 79.5 59.9 53.8 42.0
OsTrack 72.9 54.9 51.5 41.2

4;?; FANet 78.7 55.3 44.1 30.9
SGT 72.0 47.2 36.5 25.1

mAP (%)
SAM 46.8
o EfficientSAM 444
PL J5¥%
HQ-SAM 49.5
PA-SAM 49.9
. Mask2Former 43.7
4k PL J5ik
OneFormer 45.6

1 HQ-SAM, S i 2 /- B AR 82 T 5271 tokens
L.

3.3 ZESBIRIRERES

RGB-Thermal® 21825 H f5 ER BRI H 7T W%
BN FR L Ah G B EAME:, 2565 I8P AP BLES 1Y
= R IRHCE R 1 H bR e A, & TR AR A H
PRIEFE S R AL

FEEMEIAY. ProTrack™ Fil ViPTH 548 R S5 1
T2k RGB BREARRUAE N £ T 4. ProTrack
J7 AT FH R 7 oR HOK A2 B8 3 ¥ 9 RGB
BiZs. ViPT J5 kA8 o] % 21 ) MCP BiHUE Bt
REL RGB A AN 1 B ANR IR, P2 AE3ER
tokens, FHIINEIHIZE RGB R ERBIAL 1 A
tokens 7 41.

R4, RGBT234™ Fl LasHeR™ 1 & A A1
ST 1 RGB B AL A1 B G 10t
WO, ELHE R N EA IR FR S AR A,

PEFRFR. U R (precision) AR I
(success) TENVFAT R PR, HER M & IRERAR7E H bx
LB DR R T R Th 2R A B ER IR AR T R

RSN, R 6 B B LA 2 RS H
FREREE PL 777548 RGB-T 4145 FIEREEVEfE B3
T EFRAE PL /7%, A OsTrack J7k AL,
RGBT234 ##i%E Fi i) MPLT 3R | 15.5%
AR R T AT 10.8% HIRIIRIEFH, LasHeR %
PtE F AR TaTrack 3R T 33.8% HIUERGR IR
FHF1 20.6% HIRLIIRSET:. Bhah, AFEIER IR
GEREMHREZES, "TIGRIRRBRS T AL
Wt [ 5 $E R A ProTrack A1 MPLT T 7]
A B R E, AT LA RO P S BAME B Pro-
Track 7725 T[] 2 3 /R BEHOE A A 2S5 5
HONR A, BERECE RS & KR,
MR ZE.

4  HEEEARFKHR T E

Z3 LR, PLAF N — R4 2IVE, £ CV
A2 B 2 R, B AR LA L Bk i s A
BRNAIE T, [R]INH R R B ST 4 W 7 1) AR 3
R R D AT BT 7 LA A7 8 B e, 36 ROk
RETT T HE 2 LA

4.1 Pk
1) M2 AE55 PL (R 524 S X K. B4,

HI T ANFER) CV ARG E I ZRE0E N\t R 3055
JiMAFAE W 2, 3 B I 2 AR A KR A AT



1036 H 3

¥ i

51 %

PL J7 18R R RE E B AT 55 3 AT v ik
(19, PRt DA B H I 7 1) A S (AT 55 R .
IR, X R AR5 BT PL T EEAR IR —
FRIE b2 BB AL 28 e f R 1) 2, W sC AR s H g
TR & SCAR AN ER R T 1) 2 AR | 7R s
(AL A R AR B T 478 tokens AALIE
Pon m AR T Transformer 451, X DUE RS 31 H
At S TR P PO 2% 5 Ay vh L X G ] AR — 2D R 1) T 2
Al PL A EiE . Rk, vt @ A i) PL 5
%, R M L BIA R CV N, 224
T I T — KBk

2) [l [m] CV SUR R BT H = m R, N
TR OV AU AR R AT 55, ILA$ER 5 2]
THEE T 5] SR AR IS T SR AL AR R R
VGHC PIRRAE. SRT, HE T 24 B 50 R  F 1 i] 2 2] 4
IR Z R U BT AT A, W gt iR ., 5
THE7R tokens IR ™SS, 1RADAH TAERRMAL
T R AAE 1 75 AR RN B A A5 B 1) R AT 55 RRAE
5PN GAT SRR AE R VCECRE B, IR T 5k = ] e 1k
XAPERFE AT R 5] K — R ), AL B R £ s 11
TR RS | i 5 1 1 <) v R HLBT A, A
M ROR PR T S . o] W, I $7R 77 16k
Z AT iR M A L T I 1 S — B LBk

3) ZFESIRES PL A H 5 EHMERE &. I
Bt R M, 5 R AL B SE R AL, K
SCARFA 5 5 1) PL 7 ¥E R 51N, 8 1A 20
PRI AL IS A HLH 2 B 3T PL 7k
Ae. & CV BFFLIITRN, B A E00 & A
ARG SHE BRI Z PR 4 CV AR5, Ptk
B X 52 4 3 S FIAT 55 1 B A5 12 78 T T AR Bk R
% . TN AN WG IR N F 37 52 75 3R, e A et
Z MR PL FEHT SN A 5 G, PASE
RS RS BN RFAE RS BN 55, & PLOR B4 4R
Hriik.

4) PL fEAE B AR S5 R IR R A R, 40T,
PL £ CV H M A H 7 A0 AT 55 |, w5
SrRAESCULEL, FEIAS AN R . SR, X T
B E B 1) A B AT S5, T PR AR R R G
&, PL BJHRZE AR AEX A R, 4 H% T PL Y
T 584K TH 88 T3 A 7 B 1) SC AR HE 7 Bl B T
LLMs % 5 M ELFRE 71, k5l S A4 OB AL B
U MO ER R FH 7 TR 4, B LA 20K T & 2 142
NGRS N EHE B oS AR o AR . PR,
(B KRS 707 Ny i [ =W 41 % = e B o A W i
B G b Ak 38R A Rl B A AR PR N A M AT — K
Hriik.

RNKRE

1) I NZAEF 5 WL RF 85 21 ok 51 3 2
14 PL %5, K& MVLPTR J5 il 2T 24T
FIAR RO RIS T — @Bk, R, &7k
T BRI AR 5 = — R S HOR LM 2 AT
55520, SRS i N e R 20 — 2 BRI, XS
WAES Y R IA 2. ARk, v AR 2 5 hnad A
PTG N AT 552 S WL IR 225 )
Kol FEIAFEMES PL M FE, SCIET 212
RSS2

2) IRE NFEH4EEE (Chain of thought, CoT)
AE B R 7%, #2691 PL AT figg#ett. CoT
T PE AR A et A B A Tl SR HEED R A4S
BRIAN 25 2 58, 38 7t A o 1] L) REL e A
A LU 232 T PL Bk O PTREREE. eAh, 3 m] BLA
F B W 2 20 053, o AR R S s A A X
WIZRBEAY AR R 0 v A i) &5 R

3) WA R A BB PL X H ARG 22 207
3. B CV ST 78 AN Wi iR N AT 5 25 2t 1Y
RETRIL, AT T 0 R e T K 2 S 1) PL
Tk, AR B 77k 2 TR I i 8 B S G ARk
PL BFCIE E 7 [m). i, 51 ANAE XE = JIHLE R AN
[ AR R RAESEAT I B THE, SRS 1] (1) 5%
A5 B, I e s s a5 B . 1Ak, iE
AT DA e T B8 e R R R S5 R A A SR AE B
G R AR 11 [ SR THEE AL R

4) R AR I HLH 558 5 I 4 SR
FSCE AR AT 55 HH S R AR AR R ST HL R 2
T ) FH A RSS2 AT A AN AR B 57 21 T
W, Wy ) ML )AL Rk, ATRLSI N AR R
5 SIALE R B PL 5 2 Bl 16 70 A, SR - AL 0,
ANE) AR S5 B A B R ), AT i AR 5
AR AR AT 55, 3k, AT RLE — 2B 42 40 2E il X
= ANUHITE PL 3 77, Wt #r s A gl s
%, 5 BRS HE I P S R A Y (R B3 ).

5 B4

PG TR R+ Y A7 AR X T B BE AN
PR R R THSAERER 1 R, e A R A
TR AN B 2% FE PRI 1o, X [ AR A9 B U
PL {Ey— M e B AR 1007 1%, X T 5 T
RIVEREATZ AL BE 77+ F PRI ZRAS Y DAL AR v 55
T ORI, Bk, ASCE SN PL KR
FEREATHREE, JE RS DT E CV YU A F 28 4
AN JTIER R B s 53 B, BT AS R B AL A
5, FIRPTR A 2 1 PL 5 VA HEAT S 4. 1R 5K

4.2
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B30y, Bk — B MR F MR PL 7R PL U5
BEAT SIS EL A3 AT, BRAIE PL J7 9276 41 A5 7Y e
WA AL T A &a, 3T ERadr, B
ZEPLE PL VA(E CV S AAE Bk, 54 PL
) A R A J 7 T 2 M — S8 LR AR A ST R 35 B
WFFRN QAR M T PL 5ETE CV AL H1
TAENLHI, ANHES PL J7VALE CV Akt —5 K
Rt 5%,
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