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Image-text decoupling method for compositional zero-shot learning
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Abstract: Objective Compositional zero-shot learning (CZSL) is a subtask of zero-shot learning (ZSL) in the field of com-
puter vision, aiming to learn attribute and object concepts from seen composition images and transfer them to unseen com-
positions. For example, learning the attribute “cute” and the object “cat” from the composition images of “cute dog” and
“nimble cat” to recognize the unseen composition of “cute cat”. Existing methods are unable to decouple attributes and
objects in compositional images and have not fully utilized the decoupling role of text labels in atiribute and object informa-
tion. In previous research on compositions, attributes and objects were often treated with the assumption that the object is

the main subject, with attributes attached to the object, lacking recognition of the equal importance of attributes and
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objects. Although some studies recognize the importance of decoupling in the compositional zero-shot recognition task,
they still focus on decoupling at the superficial level or fail to fully decouple attributes and objects. Method Decoupling the
conceptual features of attributes and objects from images is both a prerequisite and a challenge for enabling the model to rec-
ognize unseen compositions. By simulating the interactions of attribute and object elements within compositions and
between compositions and considering the differences in textual and visual modalities, we have designed a text decoupler
based on graph neural networks and a visual decoupler based on cross-attention contrastive learning. These components are
integrated into contrastive language-image pre-training (CLIP) to achieve the decoupling of attribute and object elements at
the linguistic and visual levels. More specifically, we constructed a compositional graph network by using the text labels in
the data and modeled the relationships between attributes, objects, and compositions within the graph by using graph con-
volutional networks. This approach allows the model to understand the corresponding relationships of the same labels in dif-
ferent composition texts through the compositional graph, further assisting the model in decoupling at the visual level. This
representation at the text level helps the model understand the relationships between attributes and objects within the same
composition, as well as the inherent connections between the same attributes and objects across different compositions. At
the image level, for the composition image to be recognized, we search for an image in the dataset that shares the same attri-
bute and another image that shares the same object. The image with the same attribute is then passed into the cross-
attention module along with the composition image, allowing the model to learn the attribute through the attention layer.
Applying the same operation on the object side, attention-level contrastive learning with visually similar images improves
recognition of visual elements. In this way, we achieve the decoupling of attribute and object information in the image at
the visual level. These two components are inserted into the final layers of CLIP s text encoder and image encoder, enhanc-
ing CLIP’ s decoupling ability while fully utilizing its powerful image-text representation and retrieval recognition capabili-
ties. Result Evaluations on three well-known CZSL benchmark datasets, namely, MIT-States, UT-Zappos, and C-GQA,
demonstrate that the proposed method significantly improves model performance. On the MIT-States dataset, compared
with the second-best performing model, the proposed method achieved a 3.3% increase in area under curve (AUC), a
2. 4% increase in HM, a 5. 3% improvement in the recognition accuracy for seen compositions, and a 1. 0% improvement
for unseen compositions in the closed-world setting. In the open-world setting, AUC increased by 0. 9%, HM improved by
0. 7%, seen composition recognition accuracy improved by 3. 2%, and unseen composition recognition accuracy improved
by 1. 0%. On the UT-Zappos dataset, in the closed-world setting, compared with the second-best performing model, the
proposed method achieved a 0. 5% increase in AUC, a 1. 3% improvement in the recognition accuracy for seen composi-
tions, a 0. 1% increase for unseen compositions, and the second-best performance on HM. In the open-world setting, AUC
increased by 2. 5%, HM improved by 0. 9%, seen composition recognition accuracy achieved the same performance as the
state-of-the-art method, and unseen composition recognition accuracy improved by 2. 6%. Our model achieved the second-
best performance on the C-GQA dataset. Additionally, ablation studies on the text-visual decoupling module and its contex-
tual components on the MIT-States dataset confirm the effectiveness of the proposed method. Ablation experiments on the
MIT-States dataset show that removing the visual decoupling module resulted in a 9. 8% decrease in AUC, an 8.9%
decrease in HM, an 11. 0% decrease in recognition accuracy for seen compositions, and a 9. 0% decrease in recognition
accuracy for unseen compositions. Removing the text decoupling module resulted in a 2. 5% decrease in AUC, a 0. 9%
decrease in HM, a 3. 7% decrease in recognition accuracy for seen compositions, and a 0. 5% increase in recognition accu-
racy for unseen compositions. This paper further conducts ablation experiments on the contextual relationships within the
image decoupling component and the text decoupling component. For the text decoupling component, we eliminate the con-
textual relationships by retaining only the trainable tokens related to the text prompt and removing the compositional graph
information modeled by GCN. For the image decoupling component, we eliminate the contextual relationships by removing
the images with matching attributes and objects, replacing them with the training images themselves. This paper conducts
qualitative experimental analysis, including retrieving text through unseen images, retrieving images through text, and
retrieving visual elements. Conclusion The proposed text-visual decoupling module enhances the model’ s ability to learn
attributes and objects in compositions, significantly improving the model’ s performance in compositional zero-shot recogni-
tion tasks. Ablation experiments demonstrate that models for the compositional zero-shot learning task should fully utilize

the contextual information from both images and texts in the training samples, providing a direction for future research.
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Fig. 1  Different expressions of the same attribute
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Zappos BHEE R B IEFPIAREA A EYE, C-GQA
B JE TR (I, 2 1H 1) M iAot R (F
g AR BRI O A R R R

R1 BIREEE
Table 1 Details of datasets
- HERE Pl S el i
A 0 C 1 C/C, I c/c, I
MIT-States 115 245 1262 30338 300/300 10 420 400/400 12995
UT-Zappos 16 12 83 22 998 15/15 3214 18/18 2914
C-GQA 440 541 11175 72 203 2121/2 322 9525 2 449/2 470 10 856

2.2 SRR

AR BT 2 A FREAS P UINE 55 Y
PR FE ARl AT 4 H ARSI LR HAt X USRS 7
FEXS s, R 4 PEAGHE AR« 2T IX
T (area under curve, AUC) . f 1, 8 F1{& (best har-
monic mean, Best HM) | A UL 41 45 150 00 o i % (seen
composition accuracy) Hl 2R UL 41 & T 1 B 5
(unseen composition accuracy) . H T2 & FFEAH
AT 55 A AR L T DLk i 2 & AT I 2 , 7 T i
B HAT T i WL o HARTT 5, A5 2 A6 1) T4 2H 5
PR HN I 3k B L ZETTAR S B 14 BRI i S8 T
FE T 3% 3 ol D UL Y 528 .- Chao 55 N (2016) 7T X
FREAE AL S5 PR T —Fh-F-f ] WK W26
AP FE bR AT AR MR TSI T — A, ik
AR B ) T 1] AR DL 2 R AT TN, e 1ok 9 A
s B AR, T AR G b Jre RS AR 6T e O T 0 A9 e
1 AR PERE . Purushwalkam %5 A (2019) %
XAEIRGIA R THG A E LS P WE T
— 0] BL—A Al DL FU 2k (seen-unseen curve)

W 3 e, v il 2 55 0 A s il 9 22 5053 0 2 e
A 1] DL T AEH 2R (best seen ) 5 A3 AS ] DL Fi300 o
1 2% (best unseen) , [t Z& T J7 55 W AL A7 il 61 13 1) X
BT AR AUCAE , AUC i AT DA A5 78 Tl mT I,
HE GRS HEGEEYERE . T3 AT DL HER
2 5N AT DA 25 d AR A IR - 8, W] LA SRS
Best HM iX — 45 b5 (ZES2 50 b L HMALER ) . T 3R
KT 0T HABFE bR, A SO AUCHR AR 2T IX
I i ALX — 845, FH Seen/Unseen 5 1% 1T WL 2H A 750
HE 3 5 K DLZH & F00I0 A 8 A
2.3 FHitFRIEE

AR SCTEFF IO AL (Mancini 55 ,2021) FIFA
TR AR X LR TR I DA R
5 Z M0 2 AT A 2 S AR AU B T A
TS 20 B AR AU By, B R 5 Y S
bR HAA A AV RE ER 8, A s
JE T T P RE R AL, Aan, A g s Fe LS
AT LA 2 B ARSI AE TR R A S A
AU HEREp PR, R A B B A T REA
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Best HM
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& 15
= AUC
=
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5
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P33 AT L —AN W] DL 3 i 2k

Fig. 3 Seen-unseen accuracy curve

PUNNAT 55 FEAE S A v 5 2 LU B A T S5 e SR Y
IS 8] o 205 2 ) B RS0 S 2 e, 5 R R
i B B 555 o AR TTHICHE SR B89 UT-Zappos % 4
T RE R AL A RO 192, 1T 7 5 P T v B 36
Ao T EE RS, R ], R DL i 20 5 SOA
AT REBAT R A
2.4 BSEIZERIHINE

N T RS A BE LRI JE AT X L, AR ST
6 JFH A 2533 B0 (¥ CLIP-VAT-L/ 14 A5 R 4 Sy 5 4
Y IZRRIAL$E 24 )2 19 ViT (vision Transformer ) f850
T g A1 12 J2 B Transformer SCAR i fih a8 , SUAS 4 i
i AP A% G 5% 2t o R BROBOCIR 25 5003 O 768 ZE A
1024 % A SCHH GON 928 GNN B, % 7€ K =
2, WA o, B,y SRR E N 1, 5 HALS B —
AARALTE B . i FH PyTorch 1. 9. 1/E N SEB0 IR, R
fE2% 7 Adam I AL 7% , X T MIT-States Fl C-GQA %4k
£ B 27 2] R B S X 107, X F UT-Zappos %8
PR BBy 27 2] B S 1 x 107, 0 Bl ZRid 2
e ST RIEE o AT S5 45 AE— 5K NVIDIA 4090 &2
LHEAT, BAF R/ A 24 GB, AR AR ZR 40 %2
BRI 128 DB REAS
2.5 LBWERS5HMH

AR LS, 2 5 060 L i B2 AU A 45
A CLIP il CLIP-based Wi fifi, Firb, A CLIP AYBERLAT
SymNet (symmetry and group in attribute-object compo-
sitions) (Li % , 2020) . CGE (compositional cosine
graph embeddings ) (Naeem 5% , 2021) F11 SCEN (siamese
contrastive embedding network for compositional zero-

shot learning) (Li %% , 2022) ; CLIP-based Y 155 U 45

CLIP (Radford %5 ,2021) , CoOp (learning to prompt for
vision-language models) (Zhou 4§ , 2022) | CSP (learn-
ing to compose soft prompts for compositional zero-shot
learning) (Nayak %% , 2023) . HPL (hierarchical
prompt learning for compositional zero-shot learning )
(Wang %5 , 2023) | DFSP (decomposed soft prompt
guided fusion enhancing for compositional zero-shot
learning) (Lu 5% , 2023 ) . GIPCOL ( graph-injected soft
prompting for compositional zero-shot learning) (Xu
45,2024 ) Fil CAILA (concept-aware intra-layer adapt-
ers for compositional zero-shot learning) (Zheng 55 ,
2024) .

AR SCHLG A 5 AT T SRR At 53 P b S B s
AT A, SCEN RS 5T LR x . 52
AERINF 2 FNF 3R

AR SRS TR A T T S0 A SR 5 Y M-
States £t 52 [ #BEUAS T H LRI ; UT-Zappos %8
P AR AETT I P 1 IS A U VERE , 78 35 AT 1 AL
B EBR T HM WAL S T e U RE s £ C-GQA %L
PR b, X8 T it S5 R A SR A A
T 2 AP AR I AE R AT I A L E AUC HM,
Seen Fll Unseen 38 b b 73 51l ¥ 5 f5c A0 58 B4 2. 2%
3.4%.2.7% F1 5. 1%, % T i Bk & 1 C-GQA
PR R CHAIE AUC . HM .Seen Fil Unseen iX 44~
fEAs b il vE e e AR Y 0. 55% 0. 6% . 2. 7% Fl
0. 3%, AJ BEJEL A2 AR SCH M A R T g M 25 Y
ICAZIRANE G, IF ELXT T AHABL R TR A4 25 > AN 68 A pE
B, S BRI T C-GQA s A2 Atk 1 REURE B2 S
PREEHBIRE A
2.6 HEAKIE
2.6.1  FESCHASS AL

T SRS A PRI ST R 5 AL A R, AR
SCil R RGOSR SCA MR B A4 F XS
BRIVERE R STk . BT B ER KR AL 2=l K
Gt g B ALy RS R R gt & , 2B 1 A
B A G RIR X 5 RZHBEET CLIP B REMETT kAR
Fi— B0 B BRSO G 2 (SO G i 4 R B VR 4G
SR GRS AS , i Z B8 2 R R R AL R BE T, AR
BRI Y T IR token kA o A SCTE BT HHE S
BT X MIT-States B4 5 04T 1 1 Rl S 46, 45 1
AR Ho, SEEB A Full-Model 71, %
B SCAS ff R 2L BT wilo T-cpt 27w , BB BR AL
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F2 HAERIRBER

Table 2 Closed-world experimental results

1%

ESlEihiigs MIT-States

UT-Zappos C-GQA

25 R Seen  Unseen HM  AUC Seen

Unseen HM AUC Seen  Unseen HM AUC

SymNet — 24.2 25.2 16.1 3.0 498
gk CLIp CGE 32.8 28.0 21.4 6.5 645
SCEN 29.9 25.2 18.4 53 635

57.4 404 234 268 10.3 11.0 2.1
71.5 60.5 335 335 15.5 16.0 4.2
63.1 478 320 289 25.4 17.5 5.5

CLIP 30.2 46.0 261 110 158

CoOp 34.4 47.6 29.8 135 521

CSp 46.6 19.9 363 194 642

CLIP-based HPL 47.5 50.6 373 202 63.0
DFSP 46.9 52.0 373 206 66.7

GIPCOL 485 49.6 36.6 199 65.0

CAILA 51.0 539 399 234 678

49.1 15.6 5.0 7.5 25.0 8.6 1.4
49.3 346 188 205 26.8 17.1 4.4
66.2 46.6 330 288 26.8 20.5 6.2
68.8 482 350 308 28.4 22.4 7.2
71.7 472 360 382 32.0 27.1 10.5
68.5 488 362 319 28.4 22.5 7.1
74.0 57.0 441 439 38.5 327 148

AR 56.3 54.9 423 267 69.1

74.1 58.1 44.6 412 334 29.3  12.6

T L R RIZ PR IR A S R il A2 2R

®3 FHERIRER

Table 3 Open-world experimental results

1%

FEalcH MIT-States UT-Zappos C-GQA
B B Seen  Unseen  HM  AUC Seen Unseen HM  AUC  Seen Unseen HM  AUC
SymNet  21.4 7.0 58 0.8 533 446 345 185 267 2.2 33 043
gk cLIP
CGE 324 5.1 60 1.0 617 477 390 231 321 1.8 29 047
CLIP  30.1 14.3 128 3.0 157 20.6 112 22 75 4.6 40 027
CoOp  34.6 9.3 123 28 521 315 289 132 210 4.6 55 070
CSP 46.3 15.7 174 57 641 44.1 389 227 287 52 69 120
CLIP-based ~ HPL 464 18.9 198 69 634 481 402 246  30.1 5.8 75 137

DFSP 47.5 18.5 193 6.8  66.8
GIPCOL 485 16.0 179 63 65.0
CAILA 510 20.2 21.6 82 678

60.0 440 303 383 7.2 104 240
45.0 40.1 235 316 55 7.3 1.30
59.7 494 328 439 8.0 1.5 3.08

A 54.2 21.2 223 91 678

62.3 503 353 412 1.7 109  2.53

E IR R R TR RN S R LSS R

WA AR A AL AL wio V-cpt 2R o LR &E5 R
R R — A 2 R BUERE T . 4T AUC
FEbR , BB SCAR TR v dH A 53 0 B 2. 5% F19. 8%
PR RE T B 5 X8 T HM A bR , B BR SCA R 58 20 443
SFE0. 9% F1 8. 9% [ PERE T FE . X uEW] 7’4~
LR X AR AT B sk, LR B

— BT R B 1D BB BR R AL 3 LAY P fE
T;é'% IC R TR R SCA LR A 5 2) AU 4 R AL
R BE O S A B T CLIP 0 ik i A, ) 45
CAILA, X865 BEGTIE 1 LS8 I 4R R AEAH o SCAR Jit
BERFAE LA SR A 2 P . AR SR Al R
BE B SCA G i , AR 1) SCAS SRR R AEAT) ] 3 3
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B, &%E, 58FE, FEE, #&F, %%
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SEANCAT AN . SR, 27 T R A L o S AR AR AR
X RN 5 5 Sy 2 2%, DRk gl /D o WL £ L 1
Qb IR 2 BOE W E R PEREH K

R4 BER/XAAHHBEE
Table 4 Image/text component ablation experiment
1%

el AUC HM Seen Unseen
Full-Model 26.7 42.3 56.3 54.9
wlo T-cpt 24.2 41.4 52.6 55.4
wlo V-cpt 16.9 33.4 453 45.9

TE IR RS R & 5 B A4 2R

2.6.2 L FUFE B

AR SCHE— 25 5 UG AR B 2L R SCAR g 7 2
PR R SO R T I AT . XSO R
R 2L, 38 e AR B8 5 SOAR B /R A S A T I 254
J, B2 BRI 1 GON BB 0 28 4 TR M Bl T s S
K F X TG SRR A A, e Jd — SRR A
PR — B EUG YIZR MG AR BRI B T S0O¢
Z . {EE PR R B A MIT-States B85 F A9 IIE
SRR 5 R . SEHEBAH Full-Model 7 , BBk
SCAAEAR A AL R S0 R BB AL ] wlo T-con
TR PR RS ARG AL F 1R 306 R B AL ]
wlo V-con 2R~ , B BRI A LT S0 R B EL H wio
con KR FERIR  BBRBIAIT A LR U RFR
B 2 T HOMERE T B, LSS s A Lk iy 1
30K AR AR PR RE A S I T A L X b —
AR T R SUE B TR T A B RN 1 B
(i FE

x5 ETXXRBEMIR
Table 5 Contextual relationship ablation experiment
1%

TEEAY AUC HM Seen Unseen
Full-Model 26.7 42.3 56.3 54.9
wlo T-con 25.7 422 54.1 55.2
wlo V-con 17.4 33.4 447 46.6
wlo con 16.9 34.0 44.3 46.4

2.7 EMEBSH
RSO SO BN G AN R B SO R R 24T T
TEVETIAT , LA 7S AR SCHRE Y A ASE 2R 7 P g AN 2 5 ]

AT T R RE T, [ T T R A R S
R BT X 50 0 R 7 A DA PRI v 2 2] 3 i
G 0 P R AR T 3R
2.7.1 EHESCEEACR

TSGR R B UGS R SUAR IR T, A SR
R TR RIAE MIT-States 246 A 10 A 28 5 46 45
mE 4R, Eh R 1 6 DA Rl U A iR A R
AR5 SR R B R R 7R 5 KR 4
F BRI ELSEAR A 7 o, iR 0 T 25 R ]
ZLEF AR AL R TN Y 45 SR AT HE T A
N R A ] RE IE AR AR A CTE S 14T, LA S 4 .
AL 7R SO R B2 A b R 21 A i) R AR
2 B4 F X R AR A (ruffled cotton) " #EA TR R
I, TR A 4 R TE 15 3 2 H 2 R R Y
WIKIEEAEIRUE, 0045 5 7 HE B S BRI T
R AR — S PR R AR MR Y (R A A
(cotton) "H5IA R T & “fl (bag) ", LA R IFAS /& LAXT
RERY A6 2R U BE ) 7 A T BE
2.7.2 SCHESERACR

[l 5 R T B AE MIT-States %03 82 1 #2403C
AR REURRE 1o — XS 44 SOR & il AT A
K, AW TS IHICE RIS, B 5 8R4
SCAE AN F SCAS 2 1A “windblown tree (XU 1
)7 “sliced pizza (U] A BIHEE?) 7 | “tiny dog(/NJi))”
HRREAS 2R 58 A 1A B9 R IR T AR SO T
JEPETCR RV TCR AT 1 7055 00 B R A 04 A
W7 , i H 2 X T “windblown” 3 Ffi il 4 1) J& PEHE &
AU B A AR I W7 X — RS N A IR IDE A, (H
JEXTTF A “young cat” , BEAUKG R T 4 R 1E A A4 1A
AN 1RSSR EIR (2 LEHERR ) |, IZ BRI AR
2R “wet cat QR , EUE D “wet "X — R HEME &
T U BRI 2 HED PR 2 young X
— B T 9 R T X — W R ok U
“young” iX — J& AL A & — MR B A RHIE
ISR X X — WA 0 2 ST AFTE AN, IF AN REVENf 1
HEFEH KT
2.7.3 MEILEME

Hao 55 A (2023) £t 1 — /> 40 o MR & % 5
B, AT T ZH Y 5 T T A3 ik A IR Hh A
SR RES AL i MO ) P AN SR At AT T ST 9 D ks
T C R AR R I, K R A5 A a0 18] 4—1& 6 Fi i o
B AEiE i CLIP (9 058 g i DT A 2 L 3k 1 Pl
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HSLFR%: brokenwindow

HEFEZE R broken-window,
cracked-window,
shattered-window,
cracked-mirror,
broken-mirror

AWt gV
L ¥ .ﬁ L
IEL”?«L‘.:HQ‘
|

1

HSLhRZ: new laptop

HiEFRZESR: new-laptop,
new-computer,
broken-laptop,
cracked-laptop,
broken-computer

HSLHRE: old phone

g5 old-phone,
old-camera,
old-toy,
old-car,
old-laptop

BLIHRZ: ruffled cotton

HEFRLER: ruffled-bag,
ruffled-shirt,
ruffled-cotton,
crinkled-bag,
ruffled-belt

HLhRE: large knife

LR large-knife,
small-knife,
straight-knife,
engraved-knife,
sharp-knife

HALhRES: new lightbulb

HEFRZE R new-lightbulb,
bright-lightbulb,
large-lightbulb,
engraved-diamond,
small-lightbulb

K4 EHESCSRAS

Fig. 4 Image to text retrieval

windblown tree

sliced pizza

tiny dog

K5 SCEERG RS

Fig. 5 Text to image retrieval

rh 4 U PERHIE T AR RRAE | SR 5 25 B A B A — T
RIS, I3 1 I £ 5 465 o ERUAGARARL Ja M Ak
FI AR RRIE R 43 SRS 26 HI 41> die B 19 Ja e R A
PR E SR . X TR LS A ALY £ (pierced
plate)”, &1 6 7 1 26 I J7 b AH R4 “ A FL I " 1A
TERRE T R “ 8 B . ASCERRIR R3] 1 e
B 1Y “pierced + object” 2 EME  AN“HH” “HEF-7 (AR

TR W JEE + ST RGN AT
LI TER o 5 A R BEABIEG T BRI, AR 3C
A TR ATH SR B IE A LA - 0 2 R A AR DL P A
PRI MR, RER AR T U F A4 773X IR 1 D
BB R KR B RS . SR 45 RAEN] T A BIR A
wr N ZH B P8 TP o s P R R O 58 A B B AT
AIRET o
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JETE: AL

Ko MittRR

Fig. 6 Visual concept retrieval

3 &

A SR XA A R AR 55 32 1 T SR SC
A5G B AR A LA, 5 CLIP BT [ i 457 I 45 45
Pt ATt S 7T CLIP X T414 B4 8 M
YARAE BN A R 1, REFR 4RI CLIP 1) & 3¢
FEAHAES . £330 2B ZF AR
B AT T 38 B9 L SE 5, W] 7E MIT-States
BHEAE L EAT T A B 1 T Tl S 0 RN T S B 4y
BT IR T P AR A AR o BRSO B A
SCHEH T T GON By 3 BB e g SCA R 25 h iy
JEPE RN G AR R S R — A A L Y
A B Hrp R R LA B Z R R 0 J& A iR s
S B R I AGh T SR R GCN 2R ZE
R AL RE AR o 3 s Py (AR R B A SCAR
BRI R . ASCAHERG T T 3T XL
22 ) WIS SRR SRR A L. W TR ) U AR
A AR SO R SE 3 AR A K R 5 2 HL A AH R A
) P 4R 11 RIS o 2 T RS 5 3 R i 2L A [R) T
R EG 5 SN 8028 i e, W IR )2
IR TE R 1o G 0 SR M R iR e R b4 72
2] IR B SRR A R H A

AR SOOI H ARSI 2 S0 A 3 AT T SRR
PR E R AT T MR . JF B

MIT-States 1 UT-Zappos £x it 45 I HUAG T 10 5 19 3&
TR C-GQA B AR IS 1468 2 193RI, AT B2 A
H C-GQA BHEHE h YREA IR PE TR A WG M, O B
A SCHR Y AR RIS IO 6% 5, S BN — 2L AT g
AT B SR RS U TR AR . A SO T
& A AL A MIT-States B4 4 T #EAT T 78 Ml 5
5, R BT R 2R A0 T B T AR A 2H B AR A LU
RE AR EA IE AR . A SCEXTR P BT SCF
BHEAT T R, UE B2 TR AU M i hn 2
AT AE 55, B SOF R SCHE . AR
HEAT T 3 e M S8 A, ) DA T4 S S BT A
KARGETC R G FR 3 A2 T 2 LR BE 1 AT T
Koy, BEARAFAE—SEEE R GR  (EJE Xk SEAE TR 45
HEATWLEE AT L) K B, X AR R I TN R i B A AL 19 55
RAFAE )

18 3 A SCHEFE % T 3T A T REAR PUINE 55
BEHY () P RE A8 — A T PR bR 2 2 08 ] I8 1 5 90 4
AT IS SC, A MR LRI ZRA B B8 g i+
Z PR T A B A th RN GE I 25 5 7 R B U &
PEFRSE , BRI S i P AR ISR TG T i A (H
TE T R REAS G AN BE I M s Hh ok L 2
Gy 15 YRR RN PZE o [RIEF, PR 5% T S Jin 72 53 b
TERRR G ZR 58D S B EMR AR BASOARRR 2 2 8] 15
R H A3 B2 BORA SO SUARPRZE 3047 TR,
HRE 5 EMR AR BT 28 B TSR EE ) )2 CLIP
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