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Transformer network for cross-modal text-to-image

person re-identification

Jiang Ding, Ye Mang"
School of Computer Science, Wuhan University, Wuhan 430072, China

Abstract: Objective Text-to-image person re-identification is a sub-task of image-text retrieval, which aims to retrieve the
target person images corresponding to the given text description. The main challenge of the text-to-image person
re-identification task is the significant feature gap between vision and language. The fine-grained matching between the
semantic information of the two modalities is restricted by modal gap as well. The mixture of multiple local features and
global feature are often adopted for cross-modal matching recently. These local-level matching methods are complicated

and suppress the retrieval speed. Insufficient training data is still challenged for text-to-image person re-identification tasks
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as well. To alleviate this insufficiency, conventional methods are typically initialized their backbone models with weights
pre-trained on single-modal large-scale datasets. However, this initialization method cannot be used to learn the informa-
tion of fine-grained image-text cross-modal matching and its semantic alignment. Therefore, an easy-to-use method is
required to optimize the cross-modal alignment for the text-to-image person re-identification model. Method We develop a
transformer network with a temperature-scaled projection matching method and contrastive language-image pre-training
(CLIP) for text-to-image person re-identification. The CLIP is a general multimodal foundation model pre-trained on large-
scale image-text datasets. The vision transformer is used as the visual backbone network to preserve fine-grained informa-
tion, which can resolve the convolutional neural network (CNN) -based constraint of long-range relationships and down-
sampling. To optimize the cross-modal image-text alignment capability of the pre-trained CLIP model, our model is focused
on fine-grained image-text semantic feature alignment using global features only. In addition, a temperature-scaled cross-
modal projection matching (TCMPM) loss function is developed for image-text cross-modal feature matching as well. The
TCMPM loss can be used to minimize the Kullback-Leibler(KL) divergence between temperature-scaled projection distribu-
tions and normalized true matching distributions in a mini-batch. Result Extensive experiments are carried out on two datas-
ets in comparison with the latest text-to-image person re-identification methods. We adopt the two popular public datasets,
CUHK person discription(CUHK-PEDES) and identity-centric and fine-grained person discription (ICFG-PEDES) , to vali-
date the effectiveness of the proposed method. Rank-K (K =1, 5, 10) are adopted as the retrieval evaluation metrics. On
the CUHK-PEDES dataset, the Rank-1 value is improved by 5. 92% compared to the best performing existing local-level
matching method, and it is improved by 7. 09% for existing global-level matching method. On the ICFG-PEDES dataset,
the Rank-1 value is improved by 1.21% for local-level matching model. The ablation studies are also carried out on the
CUHK-PEDES and ICFG-PEDES dataset. Compared to original CMPM loss, the Rank-1 value of the TCMPM loss is
improved by 9. 54% on the CUHK-PEDES dataset, and the Rank-1 value is improved by 4.67% on the ICFG-PEDES
dataset. Compared to the InfoNCE loss, a commonly-used loss in cross-modal comparative learning, the Rank-1 value can
be improved by 3. 38% on the CUHK-PEDES dataset in terms of the TCMPM loss, and the Rank-1 value is improved by
0. 42% on the ICFG-PEDES dataset. Conclusion An end-to-end dual Transformer network is developed to learn represen-
tations of person images and descriptive texts in the text-to-image person re-identification. We demonstrate that the global-
level matching method has its potential to outperform current state-of-the-art local-level matching methods. The trans-
former network can resolve the problem that CNN cannot model the long-range relationship and detailed information-loss
for down-sampling. In addition, our proposed method can benefit from the powerful cross-modal alignment capability of
CLIP, and together with our further designed TCMPM loss, our model can thus learn more discriminative image-text fea-
tures.

Key words: cross modal retrieval ; person re-identification; person search; Transformer; text-image retrieval
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The woman wears a red jacket and
has a phone to her ear.She is
wearing dark pants and has her

i ZIK @J Piil 1% X:I /\E i/'j\ %'J (text—to—image person hair in a ponytail.
re-identification) 24T A B H I A B A BRI
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I T R SR 2 SCAS A TG B0 4T AL, AL 1 BT o -
o HHF R TR M T AT, SO R T T e :

Bl TSR 20 T /D LT L8 L 1 o M ORSIERA AR
ST A AR FIE R R A T Fig. 1 Example of text-to-image person re-identification
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BRSPS BB 731, A5 28 B3 14 o 5 AR 2
2 pUAR = o NI S O o ()19 11 E VA9 i N i
o ) B HAT X BE R SR SCARRHIE . AR SCRAIEE S
B Be By — Dl g S S8, HR S I 2R B Btk
7 5, SR A — NS BET T2 .
3) 7 )5 ¥ 7E CUHK-PEDES (CUHK person discrip-
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Fig. 2 The framework of the proposed dual-stream Transformer baseline

2.1 MEREFES]

A 3K T 9 Transformer (ViT)FE S A% 45
fE42 BCAS . WE 2 iR, 4w — W AT N BR
e RV H, W, C o 3R BRI & v
%ﬂﬁiﬁiﬁz,%l’ﬂf%i@%ﬁiNﬁ\ 16 x 16 R AHE
MEGH L= 1,2, N} ZJ5¥ NAE G
I — AR Fﬁﬁ’ﬁ%?fﬂfv/\mﬁﬂﬁl’é"l{%ﬁ%m
i, I HAE A BMGE ) &7 5 TR A — Al 22
(1 [CLS] #t A it . Sy T 2% 2 B & G B it 22
[F] P AFDRTOE B DG R i A UG e o) ) 3 25 | —
MLEHAP e R P Fe i S VIT 4% 1 5]
B era) it )75 0] LR R R

fo=[1,;F(I); F(I2); s F(I) ]+ P (1)
K ,f?%%r@{%%/\f?ﬁu E’Jm/\ﬁg F RN

B Pl 15 e 5 21 D 4 i) B LR PERE 2 . VIT 45 1)
e — 25 A MR R AR A ) 1] AR f, =
(L8 ) E iy [CLS] e A ) AR 3%
L SERNAT NEUR B2 R RHE £,

T SOARBN EGA T T PUIMT 55 il AR 4R 1)
PG5 HER I WIT EiE 5 J5UR BRI 43 HER R DT
B, TN 250 CLIP Y VT BRI il 67 8 i AASRE 1 3%
S A AR T TransRelD(Transformer-based object
re-identification) (He %5 ,2021) H i FH i 28 1k 2D #i 1
BRI E AR ST LIS AR RS R
2.2 XARFRMEFS

SCARHAE 4 s & — 1> 1 Radford 55 A (2019)
B B 12 J2 U4 Transformer, 5 CLIP 7 B SCAS
FRIE SR IR DR — B, S A SRR T,k 1 110



$28% /58] /2023 £5 A

£, M/ EEBESXAREGRIT AZEIRSIH Transformer R £&

JEE Ry 49 152 [ /NG 75 X6 4 5 (byte pair encoding,
BPE) (Sennrich %5 ,2016) BEAT 70 ii Fl 4 i AL 22 . 41
K2 7, i) i 1Y SCAS 8 38 78 T Sk FEE e 73l 4
AT [S0S] 1 [EOS ] % A [ f A bm PLSCA i )
TRk AZE R . BN T IRIETHR AR, e KI%SC
AAER P IR E R E N 77, R T %) F
TFEX LB OC R LB A P e RT3 i 5 1m)
W AEY T, B2 A B SCA Transformer 1Y)77
GIAT LR IR H

S =1E(T,); E(T,); E(T,); =+ E(T,)]+ P (2)
o f P RIS SR AT I B AT 1, E 3R
irl ) i RS ) D HE ) R . MRS — 2
By R SCAR R AR ik A1) & AT LA SRR N f, =
LS L o fide B [SOS T R A [ i £ 2%
VER SRR B2 R AL f, 5 f, HEAT S B UL IE A
e /ME B Z [ ERES
2.3 HRERELIT

T Ee/IME SR BES B BB BS Z [ PR

3 2| 15 B S P52 PE I (cross-modal projection match-
ing, CMPM) fit 2k (Zhang Fl Lu, 2018) il InfoNCE
(information noise contrastive estimation) (van den
Oord %, 2019) 5 2% BREL A K, ARS8 17—l
JE 48 T 1525 3 52 VT BC (temperature-scaled cross
modal projection matching, TCMPM )1 2 BR%L, 25
— A NANAT PRGN R SCASRAE ) 52 060 2H 1LY
INHE R, SRR R R AT v, XA/ AT LR R
{on )y 3o by, = 138 o, Ml J8 T [7— 4>
MLy, = 0Bk G SRR RIGHL. o, 1, U

P I RES T A XN
ool ]
Py = \72_ (3)
;exp(v’:k)
o7, = R AR SO A 7

t.

AL ] B SR MR (E I 0. 07, o) ¢, 75 L
i b AR PGERAE 1] 2 A2 SCAR AL ) b B AR
BAE. p,, TLN (v, 1) BB AR/ DL B T A
FERS SCA (1) ), BOEAE PRI LA o HRAE
ifill p,.; B IR, 2 2 A o SR AS DE A7 A5 ST A
FE—/ It rf DERC Y IEREAS BT EAS 1E—A,

AR T H ALV FE AR R R FH T softmax pRALHETT 15
—AbAb B, B SEUCREAER RN

42
qu = ,\72— (4)
S

k=1

K, g, FoR HLARZ R S A MESE, - 2 A 5
EURSCAXT AR Lo rh T 0IR BE 240 AR LR
1R () CMPM i 2% pRERCfilt T 1 42 1 R B H — Ak D7
i FH softmax PR 0 Al Al 28 A9 15 — 1k 7 32 0T DL
FPRAT I EA

2 TR PG B SO B 455 A 23 R ST G AR
1Y KL(Kullback-Leibler) 85 , T LA75 2] —4~/M it
S (14 RIS B SCA B DE e 3 2k pRER, HLAARH

1 & & p.
L, =— 1o = (5)
e =y ;]Zp 108 g, + e

K, e & —AEE /N EH R B 1k A 3
[, iR/ MEKL(p| q.) . 7T LA p, 23 A i 2k i)
TARFEIE q, 53 A th e m AR, DA i it DE T i) P14 S
AN 1R 5 5 AE e K, A DETE A PG SCA Xof 4% 5 L
/N,

G 3 SCAS 1 VG BC A5 2% PREKL Ly, 7 R AR S B
SCAARZS A AN 1)L 37 30 R e A1 5 L DT e % S
ARRAEZ BB RS . A — I EHG SUAR RAE 27 ) 3
Frh EMG SCA VT BE bR A TR 25 RN T 1 . BT
P4 R B B X RR A 38 A TR A AR B B RAE
T EHE R P SCAR FRAE 5 FLUT L W5 R AR 2 [R]
R B 1Y) SCAS ) R DT LB 2R Loy, AT LAGE 535085 50 (3)
Yo e 24 G IR A R ()BT . B, Wn)
) TCMPM 43 2k pRECAT AR R

Lyowy = Loy + Ly, (6)

3 %

3.1 HiE&E

CUHK-PEDES % 95 £ 42 1% 13 003 1~ 47 A 1Y
40 206 I % 1 80 440 4> SCAH A , KB40 G AR
AP SCARREAR . B SORS IR 734 5] K B R
23,5, B KUK Bl 96, Fe /NI B2l 12, 4K
P LA o MR B UESE A A . IR ARt G
11 003 47 A B 34 054 15 {5 A1 68 126 4~ SCA Hi
o A LA 1000 A7 A Y 3 074 1R AR A

1389



1390

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 28,No. 5,May 2023

6 156 M SCAH A, ol 18 T ir4E . IRAE 1) 5L
AR AT NG 0 E DA FER )

ICFG-PEDES K47 4 102907 A 54 522
PG A A SCAS X, BV MR PG AT — A R I 9 SCA
i# . ICFG-PEDES " it A7 1y K 14 & I8 F MSMT17
(multi-scene multi-time) (Wei 28, 2018) 348 £ . %L
P 4R o A 2R ANl 4 o IR 3 1024
T NHY 34 674 AR SCANT , R 240 3 ) T 1Y
1 0007 A A 19 848 4N G SCA XS
3.2 VISR

AR SCHAE SCA B EURA T N F R B BR A 48
b, 3 Rank-K(K = 1, 5, 10) HERGFARPEAL BRI
i, ELARUL, 458 — A SORAR A, 115 R
T RS S 3XA SCAS R AR A RS | 8 J5 AR B A0
RLBE (8 4T HEF . Rank-K & 48 L 52 VT 12 [€145 76 AH
RLREHE P 26 v BUTE | KA O HE
3.3 AT

TESCI | G SCAR B R AT N TAE )
SCUO T E (Han 55 ,2021) , AT A4 T N RS 43 2400
FORT AR 3 384 x 1284 K, JF HAE LR Befli 1] 1
BELK - BA%% | AL B AN BE LR i 115 54 1
ke B RSCARKEEBEE K77, PLSERAE [ & f,
5 SCARFRAE I B f, 4R FE N 512 Adam AR ALER
AT B AL AL | FE Al 2% > R R 1E-5, B 22 0
4E-5, BRI SR 60 %2, 76 T 46 19 5 %6 R H warm-
up MGl 2 2 TN 1E-6 L MEH8 K 3 1E-5, 22>
HAE 20~50 56 P 4 10 58 5 0 R FE AT 0. 1o Lycypy
H) 7 Fl e BRI AR (B 73 501 % B4 0. 07 F1 1E-8.

BT A 5L 56 #4178 B 5K NVIDIA GeForce RTX 3090
GPU 347 {1 T Pytorch TR 24 2 - & #4720
E ko P Transformer F13CAS Transformer (1R
A48 ] T CLIP(ViT-B/16) il A5 50
3.4 LWERHW
3.4.1 EESH

T VRMB 245 T A SCH LB 1 SR E
%47 N U B 9 £E CUHK-PEDES %% 5 45 il
ICFG-PEDES $t#l64E L s 45 9% . & a1 i i e
A A A R A AL T R P AR N S 2 By
Beo I IO 42 R FRAE DT BC 19 J7 VA e 2 A 1 2%
RIG AR R “G” T JR) 0 REAE DT A 7 32 0
FR{E R Lo BLAh, 2 R AE 4 B bR i T Bk i il

FHRRFELEE RN

M TR LLE Y SOAR B RS AT N U A 56
AN T R AR AR DT AT, I FLHUS T A
A7 B PERE  (ER AL AT LA R R IE D A ik B 4
Ab THEFM . 7F CUHK-PEDES $0#i 48 |, A sk
K L T IAT 1 SCAS B G A T N U T 6,
S i B AR B Rank-1 26300, A SCRL A HE
AT B G 1 Jy 3R DG B 3 A 4 J DG B 2% 43 ) 4 T
T 5.92% F17.09%. fEICFG-PEDES ¥#i % |-, A&
SCEIEAMEAS T R R ERE T . AH L B AT
U B R R DE R IR 3R T T 1. 21%.

bR TR R R R PERE , A SO TAUEE R T
4 JRyREAE VG FE AN /IS R AR 28 B2, A LE A 19 Ry 35
FRIEDCEC T 1% FE VR0 R R BRI B LA A
7 A BRI
3.4.2  JHRELICE

R Y SRR AR SCHR Y A I R 4 T B A AR VL T
(TCMPM ) 451 2K pR I 1 A %M, 7E CUHK-PEDES #i1
ICFG-PEDES ¥4 45 I ¥ 17 5 i TCMPM A3 21 1
TH R S5, XF 52 B () TCMPM. B UG Y CMPM. L iR
1) CMPM + CMPC (cross-modal projection classifica-
tion) \ 7E JEL IR ) CMPM H f) softmax H A IR S
B RS A WA ) rhei il Y infoNCE 3 5 2 43
JREL, I BT AN 2% R &R CLIP Tl i)I 25
IR TR A 2 3 (TEA 2 R0 B X6 HR 4

% 3 45 14 T ¢ CUHK-PEDES #1 ICFG-PEDES %%
A LTI RS S A 25 . T LA A L R G
(1) CMPM 45 2 pRE, £ FH H A 3 AR BE 2800
P4 oR B AT DA ik 2 R AR TR (%) A R AR DC L
J3, AT R W 3 i SCA B BRI R R e S . b T
U b 53 A il E SRR T B 3 45 1 T AT AR 2 iR
ESHEE 2B A2t 4. ATRUE i
SR WNWITERTE 0. 07 I 45 19 20 F& b PRl 34 K I F 78
02 IEETRE.

CLIP ZEFEALE CUHK-PEDES #1ICFG-PEDES %
PEEE b SO B PG K R 45 AN BAR (E R 2ad fii
F1 CLIP Yl 2kt —FE 1Y infoNCE 45125 pR AL HEF TR0 22
JE PRCR O 2l T 3T B T A SOAR 2 S AT N
TN ] T SCAS B G A T N FE X Fh 4w B2
A ZAT: 55t T LAAT R A CLIP X Fid F G SCAR
PSS KA i G SCAR S RSN SR,

KT B UEAR SCIR AR AN [R) REAE S R T A R o



$28% /E5H /2023 5 A £, M/ EEBESXAREGRIT AZEIRSIH Transformer R £&

®1 AXHEFESHMIABEGITAZIRSEEE CUHK-PEDES 85 FH LI 45 R 3T L
Table 1 Comparison with state-of-the-art text-to-image Re-ID methods on CUHK-PEDES dataset

Bk Al SCHR A TR MAERLs AR Zzg Rank-1/% Rank-5/% Rank-10/%
GNA-RNN(Li £,2017h) G CVPR17 VGG LSTM 512 19.05 - 53.64
Dual Path(Zheng %5 ,2020) G TOMM20 ResNet ResNet 2048  44.40 66.26 75.07
CMPM/C(Zhang I Lu,2018) G ECCV18 ResNet LSTM 512 4937 71.69 79.27
MIA (Niu%%,2020) L TIP20 VGG GRU 1024 53.10 75.00 82.90
PMA (Jing %#,2020) L AAAI20 ResNet LSTM 1024  54.12 75.45 82.97
TIMAM (Sarafianos % ,2020) G ICCV19 ResNet BERT 512 54.51 77.56 84.78
CMKA (Chen%%,2021) G TIP21 ResNet LSTM 512 54.69 73.65 81.86
ViTAA(Wang %5, 2020) L ECCV20 ResNet LSTM 256 5597 75.84 83.52
CMAAM (Aggarwal % ,2020) L WACV20 Mobilenet ILSTM 512 56.68 77.18 84.86
NAFS(Gao%,2021) L arXiv21 ResNet BERT 768  59.94 79.86 86.70
NAFS+LapsCore(Wu%,2021) L 1CCv21 ResNet BERT 768  63.40 - 87.80
SSAN(Ding %5 ,2021) L arXiv21 ResNet LSTM 2048  61.37 80.15 86.73
Han 4% A (2021) G BMCV21 CLIP ResNet CLIP-TE 256 64.08 81.73 88.19
TIPCB(Chen % ,2022) L Neurocomputing22  ResNet BERT 2048  64.26 83.19 89.10
Li%E N(2022) L ICASSP22 ViT BERT 768  64.13 82.62 88.40
LGUR(Shao%%,2022) L ACM MM’22 Deil-Small ~ BERT 512 65.25 83.12 89.00
AL G AL CLIP ViT ~ CLIP-TE 512 71.17 87.95 93.00

I AR R R BN B 45 5 . GNA-RNN: recurrent neural network with gated neural attention, CMPM/C: cross-modal projec-
tion matching/classification, MIA : multi-granularity image-text alignments model, PMA : pose-guided multi-granularity attention net-
work, TIMAM: text-image modality adversarial matching, CMKA: cross-modal knowledge adaptation, ViTAA: visual-textual attri-
butes alignment model, CMAAM: cross modal attribute aided matching, NAFS: non-local alignment over full-scale representations,
LapsCore: language-guided person search based on color reasoning, SSAN: semantically self-aligned network, TIPCB: text-image
part-based convolutional baseline, LGUR : learn granularity-unified representations., CLIP-TEf{3& CLIP SCARZgfi &5, “-” R /R i L
VR RSBl

R2 AXEESHMIABEGITAZIRSEEEICFG-PEDES ##E 5 LA LI 4 R3TLL
Table 2 Comparison with state-of-the-art text-to-image Re-ID methods on ICFG-PEDES dataset

IRFS Z SCHR AR MBERZE UMK ig Rank-1/% Rank-5/% Rank-10/%
Dual Path(Zheng %% ,2020) G TOMM20 ResNet ~ ResNet 2048  38.99 59.44 68.41
CMPM/C(Zhang fil Tu,2018) G ECCVI18 ResNet LSTM 512 43.51 65.44 74.26
MIA (Niu % ,2020) L TIP20 VGG GRU 1024 46.49 67.14 75.18
ViTAA(Wang %5 ,2020) L ECCV20 ResNet LSTM 256 50.98 68.79 75.78
SSAN(Ding %:,2021) L arXiv21 ResNet LSTM 2048  54.23 72.63 79.53
TIPCB(Chen %,2022) L Neurocomputing22  ResNet BERT 2048  54.96 74.72 81.89
LGUR(Shao%%,2022) L ACM MM’ 22 DeiT-Small ~ BERT 512 59.02 75.32 81.56
AL G AL CLIP ViT  CLIP-TE 512 60.23 78.09 84.23

TE IR R R % 9 e AL 45 2R , CLIP-TE /U3 CLIP SUAR G a5 .
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Table 3 Comparison results of different loss ablation studies

1%

CUHK-PEDES %4/ 4

ICFG-PEDES £t ¥t 4E

Rank-1 Rank-5 Rank-10 Rank-1 Rank-5 Rank-10
CLIP ZEREA (TCHL 2K BRI 9.57 21.56 29.09 3.85 10.70 16.17
CMPM 61.63 81.12 87.67 55.86 73.73 80.22
CMPM+CMPC 61.47 80.85 87.77 56.31 74.01 80.24
InfoNCE 67.79 85.51 91.16 59.81 77.02 83.13
CMPM-+ii ¥ S5 70.87 87.48 92.67 59.32 77.59 93.94
TCMPM 71.17 87.95 93.00 60.23 78.09 84.23

T L TR R 9 e LA 2R

0.077

0.075

0.073
S

0.071
0.069

0067, 10 20 30 40 50 60
llEE e
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Fig.3 The temperature 7 curve with training epoch
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CLIP ViT-B/16 3X 4 AMFFAFEHEHURE J) A Bk 58 14 4050
BT P AL 25 RNk 4 PR . ALV,
el FH 7] A5 R AE $2 HURE T 1000 B T I 28 i, A SC
LB Ot Han 55 A (2021) 73k, IF HAE 7 vk
Tt b R AT SO B EUSAT AN U
F4 FEARBFTREERMEHLE Rt

Table 4 Comparison results of ablation studies
1%

‘ CUHK-PEDES ¥4 42
Jik g L S

Rank-1 Rank-5 Rank-10

Han%: A(2021) CLIPRN50  61.65 80.98  86.78
Han%$ A(2021) CLIPRN101  64.08 81.73  88.19
A3 CLIPRNt50  60.88 81.69  88.19
A3 CLIPRN101  64.68 84.08  89.62
AR CLIP ViT-B/32 68.50 86.70  91.85
AL CLIP ViT-B/16 71.17 8795  93.00

E L P SRR 5 8 R AL 45

o B LT T R 2% B RRAE 4 JBCRE ) 1 58, AR SC
BT E AR B FG KR 1) Rank-1, Rank-5, Rank-10
HAA ST
3.4.3 EMENT

[Fl 4 J 7R T AR SCEE % AE CUHK-PEDES MU 8E
ARSI EURK R WAl S R B4 2230 Ty A )
SCAAIAR A 301 S AR AR LLRE A s B HE A 2%
AT NEMER . B AEIHE N BLSAR 2 IR, a3 HE
ok N R U D SN K IEAR ERUE WAL iva
B IERVC RS T NS . N 455 117925
AT LU Y AR SCR i A6 Z T 2 “black and
white striped top” . “khaki pants” Fll “black backpack”
AT NEIMR , HAER R T A 19 IR PEBCAT A
J5 KA T R X S S A A AT N R A
2ATHYAE R A5 R AW 2 T H SUA A5 3 Y “tan coat
with a hood” | “black backpack” | “jeans” # “white
sneakers” Z5 0, IR R Y T IERAVEECAOAT NS
TR 7 A SRR AT AR Y SO 14 v i 206 2 5 B,
KR AT G AR AR T AR . 5 3 4472 —
AT NG AR A AS 5] Y S SCA i 34 10 6 2 25
Mo B3R RMAT R E], WA 3T RSO
AR AERT LA R AR AR AR RS i TR 2 J 0
SRS RS TR . 5 3 AT IR R A R BRI &
SCAFIR , (EJ2 SO IR A HLa ke, Jovk e b
VEC HARTT NTEIMR o TTER 447 B9 SCRSRARTEA LE
55 3ATAT A SEARLFE I R VAR B L RTS8 447 1 S0
TR AT KL R, RE AR A 2% Y IE A DT I A9 AT A SR
I 4] LA B P ASE518 : 1) A SCRE AT LUK 434
SE SCA A ) B DAL s R A5 ST DL BC 2 2R Y 1]
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The man is stepping up onto a curb. He is
wearing a black and white striped top,
khaki pants and black shoes. He is also

wearing a black backpack.

The woman is wearing a tan coat with a

hood, carrying a black backpack, wearing
jeans and white sneakers.

He has short black hair. He is wearing a
black shirt and a backpack as well .

The boy is wearing a long-sleeved black
shirt with a collar and jeans. He is carrying
a dark-colored backpack over both
shoulders.

K4 ASCHR I SO BB AT N BRI A R R 4 R T AL

Fig. 4 Visualization of text-to-image person re-identification results by our method
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A RHEZS 0] ASCREAEA A TR EdE 4
58 A 85 # 7 ¥ LGUR (learning granularity-
unified representations) AH Lt #f A B W & 7+, 7F
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ook AR A N U0 S A T 1Y 2 T CNIN Y Ry
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