BAF2£R ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn

Journal of Software [doi: 10.13328/j.cnki.jos.006993] http://www.jos.org.cn
OB B AT TR Tel: +86-10-62562563

1A IR £ R IR RIT AR RS EFHE
OB, FUR, fER '

VORHERE T K2 THENLREE 5 T RE2EIE, Rt 300384)
(BHENT RS AW TR = (hEEEEE BB, Jbx 100190)
TBASVEE # % 1k, E-mail: csxu@nlpr.ia.ac.cn

T E A TIARBEOTARRRE ARSI L TES, B RTATRAESITA MR, stattes
ABRAR I AR EEEL AT ERESBAGEE R OITAET RIS, AT XABRGTAR EMAET LFE
FE ey B B PR, B PRAE T IRESEE T AL A DAL AL BF REAEL G HE, 2 REAR
BB BRI MR N AL ARGE XL F . AT 4 AT ARG A LA R AR 015 B A, A% bg 2k F R
EAGAT AN R 77 ik % AT PRI B S e LR AR B AT AR 8], R K2 THARSAZ 80935 3F 7, B T B1%
Fa X AMBE NI BHEIKRE, TSN ém*i/? TC B bl A, A T gk LR AR, 42 H AR ) X R AT 69 AT AN
T F ik, BEAAZEANG S ANMEREEN QEZT NG FIS RS ET NS, FI4EE HIEEAERB HHIE
A3\ 18 6900 AR A . 2R, 5 B AE R ﬂ%ﬁ’iﬁ Bl64EMMEF R TMBESA A EZE NIEGEABESEZTNERE. &
T HEENIEEGEMAABRENERTLE TN F X TARSTFRIZIRBS NGB AR R, A EE HESE
8 T RS R AR T MBI 0 T R, AR AT B, T AR S R 9B EAZ 8, SN B R B,
F AR FAE St RS Y KRR A A KL AR KBRS 29 RAZR AL, KR FAZ G40 IR at 09208 AR F L
ARG R G AT AAR R AT 4038 2 CUHK-PEDES L3477 £ A BA R 4 R TAUL, ¥ AW PR 7 = TBAF B 37
AL

KB ATAK R BAREBAE S IARENF ] X A5 2 & A

FEES S TPIS

rRsCH AR A, oY AR . SR OC RIEEE AT AL R 7 VE. A4 hitp://www jos.org.cn/1000-9825/6993.htm

5| %3 Li B, Zhang FF, Xu CS. Cross-modal Person Retrieval Method Based on Relation Alignment. Ruan Jian Xue
Bao/Journal of Software (in Chinese). http://www.jos.org.cn/1000-9825/6993.htm

Cross-modal Person Retrieval Method Based on Relation Alignment
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Abstract: Text-based person retrieval is a developing downstream task of cross-modal retrieval and derives from conventional person re-
identification, which plays a vital role in public safety and person search. In view of the problem of lacking query images in traditional
person re-identification, the main challenge of this task is that it combines two different modalities and requires that the model have the
capability of learning both image content and textual semantics. To narrow the semantic gap between pedestrian images and text

descriptions, the traditional methods usually split image features and text features mechanically and only focus on cross-modal alignment,
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which ignores the potential relations between the person image and description and leads to inaccurate cross-modal alignment. To address
the above issues, this study proposes a novel relation alignment-based cross-modal person retrieval network. First, the attention mechanism
is used to construct the self-attention matrix and the cross-modal attention matrix, in which the attention matrix is regarded as the
distribution of response values between different feature sequences. Then, two different matrix construction methods are used to reconstruct
the intra-modal attention matrix and the cross-modal attention matrix respectively. Among them, the element-by-element reconstruction of
the intra-modal attention matrix can well excavate the potential relationships of intra-modal. Moreover, by taking the cross-modal
information as a bridge, the holistic reconstruction of the cross-modal attention matrix can fully excavate the potential information from
different modalities and narrow the semantic gap. Finally, the model is jointly trained with a cross-modal projection matching loss and a
KL divergence loss, which helps achieve the mutual promotion between modalities. Quantitative and qualitative results on a public text-
based person search dataset (CUHK-PEDES) demonstrate that the proposed method performs favorably against state-of-the-art text-based
person search methods.

Key words: person retrieval; cross-modal task; textual semantic learning; relation alignment; attention mechanism
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o B WIZ LR B MY, B WIZ 0 REMFFE AR BB a0 R LUEHEO B, BRI REE Sy 1 6E—
TG PRI W AR, HS B T AAE SCAS H 3 R MR rp R 2060 R R 0 38 {8, BRI e s it 5 L
I D HE R BN (1 — ANFERE, RS 7. AR UL, B RS2 T e R IR A AR D il i, X TSRS TE
TIFERES i PR AT R KA, R 45 4 L G 3R AR R SCAS G 38 S ISPy 2, X F R S o AR R
AT TR N B K TR, HTT LATE S g R R v H 21 P 7038 (R 00 A B, R S D B M SR R T 3R, 1B e 3R A A
FRE. B TSR A RE— X R AR, #AR B T 5 2R B SCAR SR AR SR BARGURE SR AL I 1 o,

M AR A T T R A AR, P EEA Y (KR TS S A T MR AN SCA RS R IR AR R, K A SR
(RO Re S 1 5 IR R S 3l KL O HEAT 293, W] LALE P ANRR R PR A R AR, (RS TR 15 R 78 0 #3E, AT 4

>

|

¢ ek



B SR X AT AL R T R 7

NV U XTSRRI T € R (i J A, SRR RRI A, FLARSEEARIISEE 1| R, b Exe(Sr, T, Ty
T EXI(S 1,1y 1) 5 BV FET M SCAKA PO IV RE ORI S RPELR IS 7Y 0 I 1 0 BRI 1 10 55
AT L.

Bk 1. S T TR

Wi S I R RIS 1) Sors

ity S SIM S

1.FOR i=1to n DO

2. 1"« argmaxSr[i:]

3. FOR j=1ton DO
4. J* < argmaxS r[j:]
5.

Si'li, j1 < Ext(Srr, T, T})

6. END FOR

7. END FOR

8. FOR i=1to n do

9. " < argmaxsS r,[i ]

10. FOR j=1 to n do

11. Jj* < argmaxS ;[ :]

12. S, j1 — Ext(S 1, 13,1;)
13. END FOR

14. END FOR

© LA V) A ALY o A A (P AR TR S R VR B 2 B, B R R AR e R I, G T SO IR s s
TERIFERE S 7 P iR AT, R 2 HTAT DX B (0 MR R AE 5 A7 SCAS IR AR AH SRR . 28 Ab, SO T &4
(WS ESTE R IR S 7 TP IREE— 41, FRFIR 2105 s B (0 MR AR 5 T SCAHIR (AR DCRE . A XFRoR T T

SICIM:SIT'STI “)
S?1M=STI’SIT &)

-
= 5-1
B

CM
SII

. and
Sir
A\

Bl 2 A A 4 A R R R T s R

AR BB P B TE R AR S 1 AHEE, S G R FE i) DU RS R BB IE P 51 Z R I R R (AN A T
RSN FEREIIAERES 1, FERE S GM 2 e 42 T AL A IV AR DR AR TS 210 OC AR M. e B A B ) (R34
T, RSB R S jr M S ¢ ELEATER, T LL B ARG 2 L S0 F VR R ) FE R R FEAR R R S GV, O AR
WS M st AR BRI X I R RE > G 3R A QR P A A P AR OB AR I AR . Sy s ABS R A R B DA 7 B
AZHLIRHRGE, AT LA 78 73 A RS IR 00, 425 B N B IR AR IR AR . [l b, X SCARFAE e A1 TR B B R D
TR R FORT AR A R AR, T LAAS 211y SCARFAE P 1) 4 S A ) RO 6 AR AR R S 7Y
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2.3 Ik

S JE A KL 5% 45 4 I B A R DT e VM0 2ot T4 AR R0 AT A, v KL 50088 T DAAGET o 26 B PO B 40 A
L5505 R o0 A Z IR B 22 5, 1T CMPM 4535 1T LAdse /M AN B 25 RO HE L5 3

o KL W%, KL §U% T HeA AN E MR AR IR FR B, 45 8 P AN 4ESE ARG AERE A R0 B, K2 T4EFE I KL B
J VAT B 4 R B 22 T () B

N
M-KL(A,B) = ZKL(A,-IIB[HKL(B,-IIA,') (©)

o, 4 0 By RORFERE A RUAERE B 156 i AMT M &, M-KL RoR3E THEREN KL #0U%. R IR 200 24 R B 4
RFAIE T R IR RE S 1 SRS 38 70 3 A MERSTERAR B TR R R S O RN SCRERAIE BT R IR RE S rr SRS NI T
2 AL AT B A M S 22 S XAy 2, Bl Js R RS2 P 38 0 % T R R T 3 A5 e e T (Y B, A
o3 A G TARACL, MR FR 42 VB e s SR R, BB R £l
Ly = M-KL(o (S 11),0°(S]}")) + M-KL(c(S 1), (S 7)) @
o, o KR Softmax B, W, TERIH A (7) VBRI RIS, F AL THERER KL B85 AR BUR MRS A
B IR S gy 5 A (R R T A R B R AT B (R S O RSO OB N B R D HE R S 7 5 LS TA) 444 R
Ty R REUAR B (R RERE S C0F . AT T B /NS TR PR AR R A1 B 85, LASS B8 /N St v 1) ), LA 2R ek i
Ly = M-KL(o (S 11),0°(SGM)) + M-KL(o (S 1), 07 (S M) ®)
o PEREAS PR UL LB K. I FH B MRS P R DT e 4 2K bR 5 U, AR [l B 1 22 ROBERFHESIEAT 2031, — Mk 4
SN AR SCASKS, X TR 3 TR R SCRXHWL T)), yi VL o Feyey = VROR L AT 2 [ A id 2R HTR,
= 0 R BHGFISCAARILED. 42 R EBAHIE V¢ € I FIA R SCAFFIE 6 € T, IUC R RER W A 5 (9) Fin:

ex (vf) ) I
TR L) N ©

Pl Ziv:] exp((V¥)" ) ! m
Horpr, pf A NS P (1, )Y, AR AR bR G LU, A B AR AE S SCARFERATIALL, B2 215 2 fhs
PEGBOR. H TR, EHGARHIE I v B 2 N ULEC K SCARHEE, B DL LS UL CBE R 0 — 0o :
A (10)
ey ik
A3 (9) A EEBISCATT ] AR BEE UL RO, by A AN R B2 18] 1) DL O AE 3R s S INAE, 45K e B P it
I T BUS B SCAS Ty ) v SRR ER A, SRR AE I XL ) CMPM B vt S =X (1) Jis:

H
2 Pii
Levew = NZI IZ,.(u [/ )+Pj.i10g[qg_+€)) (i

Horp, pf AR AR R B SO TS W B8 ML RO, pf, 2R AR SCAR G 7 W8S ML RO, e A
AN, AT B B R 2 (R
ST F 5 UG SCA R R AE 1A VS FR AR a0 A 20 (12) Bow:
L exp(vf) &) t
phi=y ———— I s F = (12)
! ;Zi exp(HEy Il
b, pl e YOS R (L, T, BT R RFAIE PR bR 805 1 UC e A 2 A1,

H1 2 (10) A2 (12) 7T LA 2 e BRI ) CMPM b KA (13) Pros:

I
p“

I ji

Levem = 5 § . 1§ i I(Pl, g[ ) P,,I g[qj,i+6)) (13)




B SR X AT AL R T R 9

CMPM #5228 H AR H P A5 LA EPIAS R B RS IL . Ferb 425 22 1) CMPM 4 KA O 17 BT 45 10 A e 22
TIE R FAT ST 1 P RS T8 SRR AR A ). R i) CMPM 453 2k 1T LA Sz B EHAGOR SO 2 8] 1 e Rt 5% T ik 3 b 7y
3, EBSOARFFIER R VL BC R AT LB . CMPM. KL AT R 3K A 5K (14) Fross:

Lowem = Ligypy + Ltyem (14)
G TR I KL B2, BUR R SUR BB AR (15) B
L= J.]L] +/12L2 +LCMPM (15)

EKHE A, LTS
3 SKLuSTHh

3.1 SCIGHE

T U0 AIF JIT B AR A 1R) 58 B AR AT AR 2R 5 1R 001 B0k AR SCAE 8 T I 55 1 SOAR R IR 14T AR R 30 12
CUHK-PEDESP" [ #:47 B4

CUHK-PEDES %4l FiE B R 31 [ AR 15 55 RR IS BEAAT N ZRAT 45 B 7, bl 7 s P SO 2 1 U
o AT NB R B 5 AARAT ARSI EE ) (CUHKO03!"), Market-1501"", SSMP?, VIPERPY, CUHK01P), 3%
13003 MT A, B H 40206 k. T #HAN8ERFE P B A= B M ERAE, SAE 747 N BRI £ PR
Bl e (R 23 T SR GA TR 43 S s, JErh I ZRAE 005 34054 TR IE T, 11003 A id 1 68 126 45 3CAH IR, I TFAE AL 2
3078 5K Fr, 1000 A id F1 6158 £ SC A A, WA T 3074 5K, 1000 A~ id F 6 156 45 SCAHIR. 4655k
B MRS IR 2 4% SCARHHIR, B 4% SUARTHA 31K 23 A Bfuia], BEANKHR P S 9408 ANANIHI ) #f1i]. CUHK-PEDES?"
J2 B T SCAAT NS RAT 45 10 B T R B
32 XWWE

AJ71ELL Chen 45 A\ P H 8 TIPCB 34k, 73 5 HI#F ImageNet'™ 1)l 2547 (1 ResNet-50M R KB 15 22
L FUIZR Y BERT FEAL4 HY EUG R SCAREAE. Fr A i A\ R I /N 384128, SUAKES—H 64. B/ MthIK
A5 56 ANBEURSORST. ZEVIZRM B, T Adam ARALETY, %~ CUHK-PEDES %3 /%, 2% ) & E 4y 0.0009, 50
G FRE 0.1, BUE R B N 4 x 107, BEARLILIIZK 80 4. P LS H A, , L, BWE N 1. JLAh, RA/KFRIE 1
T HARIG SR, A EUEA 50% M LEBEVLENRE . SCR7E 4 GTX3090GPU M PyTorch #EAT. AR Top-k
PRAEVEAL F b RV AL SRR B, &k 3 IEUE 1, 5 R 10. % T4 8 SCAHIR, 9 1% H B0 2 v 475 B ik 1) LR, JF AR
PEARALE (AT HE . W SRAE AT & A B AR ILEC I A UG, SRk R B,
3.3 SLWESIMAT AL LR

N4 1 FioR, BASCIHRI7vE S CNN-RNNPL, NeuralTalk™. GLA™, ViTAA', cMAAM™, MIA!,
HGAN!"), Dual Path®”, CMPM+CMPC", TIPCB"'"!, GNA-RNNUFI DSSLPH% 730647 %) b, Hirp, GLAP,
VIiTAA"H CMAAM" V& T35 T8 4 11 77 7% MIAUURT HGAN®) % 5 T34 2% 3 WL ¥ J7 %2 Dual Path®”),
CMPM-+CMPC 1 TIPCBP! 90 % 25 K ¥ 1 14 757 9%:; GNA-RNNUAT DSSLEYJE 9 4% 25 M e v 15 78 2 bl
I &5 5 B 7 ik, AR, AR A 5 925 BB SR (1 5725 CNIN-RININP VR (% 7 %8 A4 jl Assk 1) 75 1% Neerual Talk™”)
HEAT S b BAR R, LT B MR b, GLAPHE HAE VIR B BRI SCAS A A O 8 SR A 8 Pl A T FE 1) 2
). VITAAUS IS P 55 0 4 BE HH 2, — AN B 0 2l B0 8 20 0 2 AT N AR 22 100 S 1 A5 s e ARG I )
T3 18], AR 0 3 ) A3 R AR R B g b2 > J P 5 R X S 6 R 56 R . CMAAMY A SCASTE e v 42 4
JRERRAEAT N, L2 3] & v K 5 2 1) R A R IR B0 28 AR FRAF K 2R 46 L. 3 =L 7 i, MIA!
BRI T A 2R 1 FR5 SCAKE S 10 73, AT 2 A2 4% 10 T A0 B0 T 04T U 1 0 1) U1 2. HGAN ) i i
R I EMEAN SO rf [ 3 R b 8 1 SCAH DG 3 5 10 PG DX Salo AT et 0, AR A R/ T S RS A A 55 1
FEHE. NAFSUWIH T —Fh el 22 ) [ 38 N6 55 G R SO AE (10 532, ek bR SR R i LRIz 4



10 I S TR o Al

AT RE 2 RUBEIA SOR SRR . AXM-Net ™ i bR SCHE SO 55 3L =i RO B, 45 4 BEs iR = o pLl, 4% )
K sCARRHE MU 55 R, JE T 48 S5 BT (K J7 V25, Dual Path* g YAl F XU 306 R 28 190 408 45 45 - 35 i A S s ok
PEISCARI B BRFAE, I3 T — B 10 50 45 R T2 0 B Y IR A 22 5. CMPM+CMPCH i i T B Bk

LGB R AN ES B BRE 70 FARK, W S MU BESREIE SR 70 A1 (1 KL B A A 4 fedids B 1
(B HEREAT 4328, b D AR 2 1) (¥ 3245 2 . TIPCB® e XU R AE SR I St L, 4545 22 JUSERFAE DU 1)
JEVARL, R PR 2 1 4 WU M 2B TN Z 7 1) BERT™, 4980 T AN i ME B 0 R8T T 199 4% 45 ) ¥ Ui 2 L
P77 h, GNA-RNNUUREF [ I3 289 2 2 SOAR 55 R TR, F T 14 L SRR e - A 245 T 4 o 3
AR 2] DSSLEMR I T — i PR 5647 A 53 128 25% SIS R ¥ RSTPReid B 2, JErh BR35EAT A 00 85 Bl A
HUBIES BIEAS AT, R AT NRFAE ) 70 25 55 B A Rl A FOA VLI, SEBL T IASEAT NI S5 UL, 34, ALiE
5 SR J73: CNN-RNNEHR T — Rl ] AR S AT R B SO R (K 7 V. BB R4 18015 Nerual Talk™
B L Tl EA A28 00 4 24 R A TR 1) AR T ).

#£1 H5IAEMAT AR J7i54E CUHK-PEDES _ERIELESE R (%)

WiRzS Top-1 Top-5 Top-10
CNN-RNN! 8.07 - 32.47
NeuralTalk™ 13.66 — 41.72

GLAP 43.58 66.93 76.26
ViTAAM™ 55.97 75.84 83.52
CMAAM!™! 56.68 77.18 84.86
MIAM 53.10 75.00 82.90
HGAN!" 59.00 79.49 86.62
NAFS™! 59.94 79.86 86.70
AXM-Net*! 61.90 79.40 85.75
Dual Path®”! 44.40 66.26 75.07
CMPM+CMPC™ 49.37 - 79.27
TIPCB™! 62.44 82.06 88.23
GNA-RNN!" 19.05 — 56.64
DSSLP 59.98 80.41 87.56
ARILT7 i 63.23 82.76 88.97

Yj_ 7%%*@%[ [?ﬁﬂi

SEIG R A, A SCTHR H IR () D% R A (RAT AR R 5 VA0 A TR T SOR AT AR R #d5 2 CUHK-PEDES
I, Top-1, Top-5 EA X Top-10 45 B4 HIiEF] T 63.23%, 82.76% K1 88.95%, LA (4T 17 1% AXM-Net! /3 71|42
T 1.33%, 3.36% H1 3.22%. A SCHTHE J5 AT 5 T W 4% 25 g ook R s o WL i 25l b, Lo gt 18 Pk (0 s p
J7i% CMAAM"'E Top-1, Top-5 LAJ% Top-10 45 K3 5IHETE T 6.55%, 5.58% Fl 4.11%, 32 K 4 3+ J@ ¥ (1) J7 vk
Xof BMGAT 43 1, AN a] S bR T MR 0 bR SO SUE B, TR ) 26 R AR HE AT AR 70+ 2 B
REAE I AR 61, 380 3oy 2y AL b S 43 A R R SR, B KL BRBE AT R AL, WD T 7 AE 1R 30 U
SR S A L BT 5 WU PR 77 425, AR ST 799 DX T A G R PR 3 D WL A AR A 8 i v s, K i)
TV RS ) A P G R I 0 A, S A 245 A 38 G 35 A B ARS8 [ 48 A R B 1) 1%, 4 ) A S
PO IR [B] (P 3 0 L, AR T DL 27 5] 3 07 2V EIE AR, S0 KR BE DR B 1 0 Ry, B b Ty )
B B 770 AXM-Net™7E Top-1, Top-5 LA Top-10 45 5843 IHETH T 1.33%, 3.36% 1 3.22%; L33 T- 4% 45
TV v BT VEAR LG, A SCHE A B 7 VE AN SR AST A ) (0 S5 DT, 7] A 0E - S 481 2 St XA A0 o A BR 761, [ B 4241 34
T HZ RN R, HIE TS S M B (1 Bt 7 vk TIPCBRE Top-1, Top-5 LK Top-10 45 434
FET 0.79%, 0.70% F1 0.74%; FH Lt 7] B R FH X 28 &8 K0 B T4 A3 5 S LA (6 )57 DSSLBY, BTty i i) i A AE T



B SR X AT AL R T R 11

WG T ORAT NS SCAT 20 BT I8 BN B 2%, IR B T JRUA 15 R 4544, 75 Top-1, Top-5 BL& Top-10 45 K734
F+T 3.25%, 3.27% F1 2.35%.
3.4 HELL

AR SCAE CUHK-PEDES $4fs e 3EAT T 1 Rl S 56 LASGAE BT 42 5 V2 A4 25 vk, 2 45 SR 0 36 2 i, Jl it g
B R AR E B R PR R, BATRT LA S5 SRR I P B R BTk, SR90 vk T i R R [ AR A

# 2 {F CUHK-PEDES ¥(¥in 4 I, SAEL (7 il s 6 45 SR (%)

Ji: M CM Top-1 Top-5 Top-10
Baseline - - 62.44 82.06 88.23
B+IM v — 63.20 82.34 88.70
B+CM - v 63.18 82.75 88.97
A7 v v 63.23 82.76 88.97

o Bascline: JEZ 155 % Chen 25 A P42 Hf¥) TIPCB, 43 %) FH ImageNet™ EFill 25147 1) ResNet-501 IR R TE 4}
JE B FRIZR1) BERT AL 4 Y B AN SCARRFAE R R, e, R RS A B DT IC B <SR oh S SCAR AT R H bRk
A2 TA) P UE TG 73 4.

® B+CM: 1% AR 7 AR ASE IR VAR I ASE 245 1) 8 7 T ) o B S, T AN A PSS 1) 38 e 38 T A R AR D e A
V5 JEL AR AABEAS P 13 T R RS i) T R o A 42 S P R ) KL O AT A0 3R Tl o 5 3R 2R AT L,
AT APPSR TV 38 v R B ) 2 R

© BHIM: ZAR AR /R AN RS 7% AR A5 P 388 7 25 T A R SR A 17 S A5 P A4 I 3 ke T g S B AL e, 7
H TGRS A ¥ S0 S MR NS P 388 7 3 AR R o P A S LR RV KRR T KL S AT 200, Tl 5 SRR AT L
A2, T AP AR P 388 0 3% R B AR [ 5 R

Wt % 2 AT LIS R, AR R AR AL (4% L R, Top-1, Top-5 A1 Top-10 HEAG 45 714 62.44%, 82.06% Al
88.23%. M¥N N IM BLERI, Top-1 F8AR4R T 0.76%, 3 A& Bk IM RSBl B4 Py ¥ 55 00 A A B 1) 5 5, AT LA
R FA IR IR FH EVERN SCAREAS A S IR 98 ZE TE 2R, W mT AT SR A RS BE 1R 4 T B T T 438 I CML AL BT, Top-1
P2 55 A T T BEME P2, {8 Top-5 55 Top10 K54 HIEE T 0.41% A1 0.27%, 1] CM Kbl i 4% ) 5
FRRE R 7 20, T T P S AR AR A [ B AR S A AT AR B BT R N, nT DA B RAG R H E 2 AF
EICARR AT NEG. S FBEH IM R CM BB, B8 RELE Top-1, Top-5 R Top-10 31k F 4%, 1EH IM
T CM B R] L [ B AR A P RS ) (10 5 A B R, 75 BB I DG R (i (1 2R
3.5 ITARZSGRETR

T AR BT AR T ORI IRAT AR R T T I RBCR, Ja 31 3 eaR 15T N SCAHEIR (4T A 2R 4
B, 3 FUR. SEETIHE P I EG R RE S SR, AR R S B EANT, BRGRA R TS
SCAFA T 5 IAT AN ER. 3 o LU H, B0 AE R RIS AR AT N, 55 B AR A4
ARHARABL, W] A SC TR v T AR SCAH R AT 0k 2 s P rh A S ik 1 AT A B4

4 B %

ATCHEY T — RS ) 5C AR AL Rt (AT NAG 2R T7 125, HBS A, TR0 R £ RN [RS8 [ RO AL, A58 20 T 4
SRS WA T SCOC R, [ IR TSk Yl R B A S T YA S T 0 B, 20 P T 3 PR AIE 1 5% R A A TR
AP G AR, T 7 AT RV AR R B T () B 25, A ASE TR AN [ RS 1) (3 O AN L e . SR B0 E 1 AN SCHR H KA [R] K
AR AT AR I B A JUBI PR RE, SRIRAE BT RAF RIS R R DL, AR T 3O IAT AR R AR5 LIS T
B IPERERR DL W] LATIUAL, BEAT BE AT 55 AT NA BN T (K8 L2, AR AT ORI (R T AR R A T s
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R RALST, WAL 2R A Ay A SCAT DU AR S T ARSI 78 70 IO SEHEPE B 5236 10 B0 AR S 00 8 7, 0 J 8 (1 A
PSSV @

1T NSUAHIR: The woman is reading a small pamphlet. The woman is wearing a yellow shortsleeve shirt.

ERIPNY] Rankl Rank5

17 NSCAHIR: Man is wearing a sweater with black, Gray and white stripes on it. He is wearingtan pants and Gray shoes.
He is carrying a bag on his back.

X, =X

Rank1 Rank5

Eﬁ%
K3 47 AR AE CUHK-PEDES %4l LK 45 5UR B, K g a5 R LI AR A ify SUA
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