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Implicit Multi-scale Alignment and Interaction for Text-image Person Re-identification Method

SUN Rui, DU Yun, CHEN Long, ZHANG Xu-Dong
(School of Computer Science and Information Engineering, Hefei University of Technology, Hefei 230601, China)

Abstract: The purpose of text-image person re-identification is to employ the text description to retrieve the target persons in the image
database. The main challenge of this technology is to embed image and text features into common potential space to achieve cross-modal
alignment. Many existing studies try to adopt separate pre-trained unimodal models to extract visual and text features, and then employ
segmentation or attention mechanisms to obtain explicit cross-modal alignment. However, these explicit alignment methods generally lack
the underlying alignment ability needed to effectively match multimodal features, and the utilization of preset cross-modal correspondence
to achieve explicit alignment may result in modal information distortion. An implicit multi-scale alignment and interaction for text-image
person re-identification method is proposed. Firstly, the semantic consistent feature pyramid network is employed to extract multi-scale
features of the images, and attention weights are adopted to fuse different scale features including global and local information. Secondly,
the association between image and text is learned using a multivariate interaction attention mechanism, which can effectively capture the
corresponding relationship between different visual features and text information, narrow the gap between modes, and achieve implicit

multi-scale semantic alignment. Additionally, the foreground enhancement discriminator is adopted to enhance the target person and extract
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purer person features, which is helpful for alleviating the information inequality between images and texts. Experimental results on three
mainstream text-image person re-identification datasets of CUHK-PEDES, ICFG-PEDES and RSTPReid show that the proposed method
effectively improves the cross-modal retrieval performance, which is 2%—9% higher than the Rank-1 of SOTA algorithm.

Key words: text-image person re-identification; implicit alignment; multi-scale fusion; multivariate interaction attention; semantic alignment

47 N ] RelD (person re-identification) f& & fig WA I #2408 ) — TUE AT 55 3L H 1R ARIES @ I R %
P (AP EUG, FE G 8 PEEL E 2RE 5 HiR) 7 2 A E B S A B AR T AL RIS S RS, 17 AN E R
SRR AR T EGRER D ET BRI R DR T SO R R B R BT (AT A IR B 7 0l 2
W T AT A R R BT TSR AT N R . 51 G — Sl (1 T B A W R Sk AT N S A i U
N T fRPEX A ) R, A ARYE H o SR AL RE F IR R R B ARAT N, B SO AT N E R B TIReID (text-
image person re-identification)*™"*. W& 1 fi7R. SCAS-BUGAT N EE 1531 £ MR8 2510 SCAC 5 BEMR (RALLRE X — A K3
PG B T N UG AT HE e, 3 B8 44 5 AT A0 N0 B A ST e 00 ) b kSO R VE AR R A
T B AR, TR SO - B AT N EE R B AR ELAT e 1) B FH T 5.
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[MASK] outside.
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B SOR-BEHEAT NE IR AR 2R s AR

SCAR-BGAT N ARG B P An SR A (K (5 R AR B, 2 — TRURAT Bl 18 (4 55 AR 55 AT BS B AR R
) — A e FAES U SRIMAEAT NE RGNS AL, B T MG AT AR AE RS 1)L Sl VORI S T U A )
A, 2 (AR TR A DA HCHE TR R L0 2R RN, AT STAS 838 (0 4 S P A SC A B S 2 8 INARFAGE X 5 B AN i
T BOUE DL SEHUAE A FRFIE RS 5. BEAT, AN R A 18 A = H R BL R v 24 3L, T BB AN SCA 2 1] 474
BEBEESR, PR IRAEZ 5 K T 3 N IREAE 22 53 7). b m] 0, SCAR B BB R K% Lo 5T
i) A R 2R ST (7 VR B R DX P A R 1 F) 2 A R AR R, I BT A A B A S DL E 7 ¥ R AN SCA S
AIERANTE A SL R TE7E 25 18] P EAT X 5. 53 4h, BRMGAN SOAR 2 ) 45 R R AP 45 1 1) AL A A 42 rh il 42 8 1) R A
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BEATNERAE =E L, RS, HTAVSEMIAEE (W& IR MER, XEMNEGIE A5 — LR
HE, FE T EGHFIEREZ,; MCARRE S RAET NG R, Lanshan, 5, AR X485 )&, Fik,
B Rt oy B MR A I NS SRS B, 50 SCARRRAAE AT 185 24 1) P, 2 52 ko R ME R I DG B

AR, 9T i /N EUR RN SCAR 2 R RS Z2 00, A4 T PRl 7 2R ILE 75 A R R ILAC 77 v, &/t
Fic 325 O O AP RS R SR EURE AR (1 4 SR 2, R BT R AR bR BORIR R ILZE AT e N 2% W), 76 1% 25 8]
AT DA B TS H M-SR UL ED 2040, 40l 1(a) FTuR. S S8 77 138 8 T I 28 1) A vty 458 ) DG T 463 2K S 2 ) B A
AXFE, Gz a2 850 P BLASAE L, T P 1A 2 ) BS ARS8 F R B A AR S ZPE B oG T [N, &/ UL /7
T S 12 30 R R 1 R a4l 9. e, BUE TR AR — 20 5 SCARA A JG A T st DX, 3 87 s X35 ) A7 7 LA,
PRI A K T AR (A ) 22 5E.

JR B B -SCAS DL 7 vk B 1220 M AT N S AT 15 SCAS R S8 2 TR K 56 R R A /S 2
B — Mo 72 2 5 B AR BRI SC AR B R R 7w, AN E B BT B R B R 26 &, i 1(b) Fis. ATk
B P S 2 2 SR R, 5 P (0 S s 1 4 AR 40 30 4y /IR, g SR o B BRI, SR S AT B R 4 Y
FHEFR N TH R SRAAE. AT, I R VT e 5 2 52 4 B v, W7 BE S IR BELGURN SCAR I 1R 3048 BB N7,
T 10 6 B SR B 5 4 R LIRS 7 v A B, TRV I J v ia s AR B 1 15 B A2 H A 2 R] 45 B A8 L3R
THERE. SR, BT R BN B SCAE ELERAE T RO T LR, RSB IL D 7 92 (45 B A AN T A 2 PR HE
PR, E 2 BRI A LA

Bl L ), ARSC T T R T R U RN SR RN £ R B R ST SOAR- B AT N E IR Tk, o)
SNSRI FHIER R, B 1(c) R T E R TARREE. 558, AR E X —BURHiE 4 73 SCFP (semantic
consistent feature pyramid) /2% M G RBERHE, I8 A S TR flva AN [F) ROBE FURHIETS B IR, A&
R % 0 HiER /1 MIA (multivariate interaction attention) ML $E AL S RFIE RN SCAAE B Z AL HR R, 5K
P2 REEXFF. A ah, A5 N T A0 5e38 55 )55 2% FED (foreground-enhancing discriminator) K38 55 i 5, DAR
U I AT NRHIE, A B T ok R 5 SO 2 18] R4S AN T 55 ] .

A FETAEWT.

(D) EX BB A )= 5 R SRR AR A R A 10 B, ASCHR Y T30 S — BURFIE S B X265, 12 0 2% 3@ . b R 4
AN [FRRAE P 22 (] R, 4 G B 201 5 AR R AE A R &, (R i A U RHE BB & T F 8 A/ 5 R
55, TR T T B R R RIERE

(2) £ BN F FEE NG R RE N, AR T £ 7038 BE R JIHU 5 2] BUGR SCAR 2 8] 1) R BE, %
ML BE A 5O BN AL R IE A SCAAE B2 M IAS B G R, AT SEIL R 5022 R 5%

(3) EXT BB SCA Z TaE B T4 1), B2 T A e 3G 5 ) S R I B AT 5, DASR U 445 147 N e
1iE, PREBAT NS 005 B RIS S I B M 3, 6 B T2 M BB 5 SO IR BANT4%.

ATCEE 1 A CAR-EUGAT N IR A TR L BUR. 28 2 A ARSI 38 T a2 REEXT 5%
2 A HAE R IO -EGAT NFEARBIY, 25 3 WA et B 545 0. g B a5 45

1 #HxXIE

L1 XAK-ERITAEIRA

SCAR-BERAT N L RARYE 45 5 () SCA R B AR L AT N MR, AT 55 B 1 Li %5 AN . A4 T
1 AFENERIRSE CUHK-PEDES F % 7 — GNA-RNN BRI 2 5] AR R A G 2 MRS R R, 5
Sk, Li 258 N\ MR T S 4 800 1 1 o B IO 445, 3 A5 5 A RS IR] 2 B9 1062 e /M. Sarafianos %5 A MR T SCAR- ]
GRS FLPEIC AL 7772 TIMAM (text-image modality adversarial matching), i@ 13 % H 2 AAE WAL ZITEE B Fx
B RRHIE R TR . SR T, XL TV R ORTE A RN, 7T Re 20t — S MURE (0 =) 200 5 sl 75 45 A2, TRLIE, T 7
T R AR T C iR T R A . Wang %5 A PV A EAT 23 BORIR L k-3 O AR A A SO AR s
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PESCIAE R, Niu 25 N PR H T —Fh 22 075 R SCAX 57 N RIR R AR R 6 & Liu A P50 T xR
o M R 5% R 2H B SCAR R AT A3 5. Ding 25 A PYBE T IR A R A HE 4 451 R ok T IR ST AR A 1 2%
T, Gao %5 N POZERFI I — Rl g BB CNN W28 i S #8205 BERT A5 78 % 4 R R s AT Bk & ) 5%

Sz, BT BB SR 20 T R AN S 1 A R R UU AT 7 vE S A S b R R SRR, 2R BRI SO 1 58
BETER, JEIINM R, RSO RI A EEFFL T BEREESN5F, fEI8IE 7 M) E G pra S U 2 R R
AiE, FH5 SCARFHE B A T, AT 58 A Bl — H L2 0E SO0 sl SEBRRR 00 57,

1.2 RE-ES L

WLoz-15 5 TR VLP (vision-language pre-training) & — Ffidish 78 K HUBLEE 46 _E AT Tl ok 22 ST AL &
75k, B R @M 518 T 2 RE SO N SC R, HATH VLP 777207 LA N B A B R SO A B R b . 78
PRSI B EUGREE R S R A A B, AR5 1% N — A Transformer 4 i &b BAR LB D4 HUE T
AR IR R Eh, B E 6 Y1 0 R 2 o i v 75 B3 A7 28 S A, SR AN T B A b 5N T SR AR R (5. A A )
D R 9 e S 1 ¢ D 28 43 B B SO AR AN G AR AAE . B T IX PN D 28 VA L2 S 4, SR RS ik = AL o8 5
EE AR HRIR . BT, A-AE S B O S o 2] SR R, 055 P4
IR K (R R, v R B T 1 R EE - BB I 2% CLIP (contrast language-image pre-training)i®®).
CLIP R AXf b2 21107 2, FIR EARE 5 B R & UG SR BAR 01T I Zx, LAIRAS = 0 & ML SRR AE. 8T 1
XGIE = R, MLE 48 AT DL S B 8 1R UG B SRR, XS RS AT S5 AR AT S A E B
RIGHESI IR, — L 78 TAEE— 254 8 T CLIP (RG], Yan % A\ P& H T —Fh CLIP X3 A 4IHRLE 5 542
JEHEZE. Chen %5 A POUE I CLIP A4 28 R ARRL B PG b ok T B AT v, S5 S AIDRE S (1038 LIPS . Zhou 25 AL BY
RE WA B AL -8 5 8RN CLIP Wih BV s, AR SR R R AT 5% R I RE. SRTM, H9 T~ CLIP 4%
WGRN RTERBIR LS (B FTR), AR -BURAT N B IR 75 AR R SCTE AL B2 {5 S5 A8 B X oL,
PAIX 7347 N TA) RO A2 S, T DAAE: ) AR AR B B4 SRR NS 5 1K) CLIP XU B a4 o SCA R BB I N ke R
52 B IX LRI (1) J 2, BRATT VI 90 R T AR A S A AR, DA SRS A b A 2 MR 5 SR (R R Al /N 22 5
[F I, FRATT I8 o 5 VR SRS AR AL T CLIP BEBY, {3 JH T 47 b 3@ 37 5 A A5 0 55 1) 55 2 M, AT TE 4 8 I S I 3S AT 55
TIReID b3R1G 1 SE4F PR, FRATTI0 TAEAUAR 18— RS HdE 4 | TIReID 1 JR BRI, S8 il B N3 A7 ik
TR G A Kb B RN R AR S RS AE B W ERAR, VARG LT RE T FIAL A

2 ETRAZREXNFMSTREEENHNA-EIBITAEIRA

AR T — R TR 2 RN FF M 2 7058 B R 1SR -BURAT NEAR B 7, EE N 3 M.
1A R XU AR R - SCAS S D A AR, e ) P PR BOR SO AS S i 2% 4R B i R0 SCARRAIE . 25 2 # 40 Bl R
T SO TR, ARSI RS P3G 5RAT AR I BR AR 77, JCrp, A 0 o B AT HO AN B R AE AT AR FE, AT
REAT NFHE I Bt i8S S5 8, 55, W1 U85 (4 BRI I N1E S —SURFE 4 B AL, A& S 8 RUBE (R
1, A p A R AN R 0SS KRR 1], R ARRAE R AR D i A R AR [ AN SCARHEAT UL G, 26 3 i 2 2 n R k= )
TR, 2% 2] BURRISCARNFIE 2 (A58 B8 &, A /MRS Z A1) 285, b4k, 8 B &R AL S S B ULID (cross-
modal projection matching, CMPM) #5125 ', &4 (identification, id) 2% "F1 Z B (diversity, div) 112k P4 T+
FERPEBE, SIS 5 PO I BR R X 55, B AR 2 HE 22 5 SO 2 o, Hoh, CA /238 LR 7T (cross
attention).
2.1 WREER-X AR

DAFE 1) SCAR-FRBAT N EEAR 3l 77 6 18 5 7E SRS B8 & b o0 oot MR AN SCARHEAT Tl 45, IX S B Z 2
XA R B2 F] VLP TAERIE &, BATHITTIEAE CLIPPS ) UG AN SCA Gt 2 i 357k T8 th. BRATIEFH B AN ik Sr
BRI 2T 2% 73 51 DA PG AN SO v S ERHT SR FAIE, 4R )5 383 Transformer 540K B AT 1AL A TEUIZRIT B, 45 52 I S 504
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. ASCR A CLIP IZRE VIT 1R 98 T M4 SR BRI S ARHE. VIT & —Fp 5k T J i S 7L o) B o R, K
120 AR RN BB IR 70— R A BRI, HR X LA R 5 51 B0, AP — A2 14 (token), 5 H
SRE S AL B ) R 2R L. R, VIT A 2 2 50 B S L RN X L8 U St AT @458, AR e A1 8 A
HRFR. BRATE ¥ TR K = Hx WP A & RN MIROIREN T Fe 1, Forb, P RoREI RN, 28 )5 8wl
SR BE AN T AU 3] d 4RO\, A A 22 2] [ [CLS] AR E 7 A K TP LG DA% S &/ RoR. e, B
TR K+ 1 P FIE S VIT gmiB2 . SRRV = (v, vi,va,.. ., v} € REYD Ay S8 N BRI 4
JRZRIR, viava, ... v A T R R R,

o UAYRIEAF. X THINSCA T, ASCATH CLIP Tl 2R SCA SB35 Transformer ALK R, BARKIUL,
TSl RN Bl 49 152 /NG 734 giS (BPE) % SCA T HEATARE. N T AR IESCAS K B — 80k, 430K
FERT LI, &80/ L AN S SCARKEE/NT LI, R SCARR AT RE A, 85, ¥OURFA &M 2 d ik
N, TEFF UG AL [CLS] A7 RS T . )5, B8N L+ 1 W7 514 A\ 2 Transformer JntS#s . fir i &5
FANT =t t1,ty,...,1.) € RV Tt ¢ & [CLS] FRIC NSO I A JRRFAE, {8, 1, - ., .} A HLIRI G0 SR FRARRAIE.

22 BRAZREIFFIRR

T B EUGR SCAR A AR AL, FRATTRT LB TE S = N 75 1) o O 5 UG R B RN SR ] SR sk
L. SRT, T EGBRRN AR] Fp A AE T SR S IX PP AR LR T TIReID AL 55 & A TTHE 1. Rk, FRATEEH T —Fia
& REETR UM SRR, B ReIE 7R & MER WAZIR A I ILEC 22, 115 B 22 ROBE AR AN SCA AR B 1) 48
TR 55, B SRR, A FH AT s o) ) SR A R R b 2 R T SRR AR B, DAy EMBURRAE B HERA M. [RIIT,
PATFINT BENUE 5 FEIDRE, 12 LI SCA R AN HEAT BEHLIERD, LIS I SCARRHIE I 2 FE1E. BUAh, BRATIE R G
N —BURHIE & F 3B EUE PRI 2 RBERFE, R 7EImIE 48 5 kTl e, LaaFHEUgE S,

221 AUsCHYsRE A

AT N EUG RS BB SCAR R IR 2 (B AP RS ARSI B G AL S AT AFIIRER(E B, W 1(a) Fiow; TS
AR T R 55 AN VIAE SCHRHE, Gl AR R3S BIESE. B 7RI AN 1, FRATEE TR S 5 Sl
AR ZAHE 23 [A) 5] 52 A SGL (spatial guide localization) A1 18 2: B #kEt CDM (channel denoising module)
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(A 5] G EAL
SGL

EBE] ik
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RFAEIES
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(a) A SEIM 50 1) 45 FED FHLL Y
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Sigmoid ' ' -
%u)\h 1 B sGLm | | FAAE Sl%'gd *glgéh%u;&
EHPQJ [MaxPool, AvgPool] _1*7 B RH ) JEWLt  [dvgPool]  FEEMEA R
_________ jF/_E'T_ o _AS(J_L_ J I7 [ Q% CDM
(b) 25| T 47 SGL /R~ El (c) JHiE L MBI CDM 7R &

3 HiEIE R A

o ZE[AI5] S 58 (SGL). B T-¥E R AL Al LA 33458 % 1) P R 100 300 1) T SR AAE (K Th R, DR kgl )32 B T 35
TRBE S TS5, R MG I E SRR BIARARAVE A b, 2 IR R ) AT SRR A A R 25 1067 B 2 Al B
SCAE B, B TR E S A AT LB IR 08 R RS, SGL & — iR I 23 AL B ¢ Rk 5] i 2
D715, 6 RE 0 T A B M R B R R S SOAR R IR A G AT N X, U R T e A R 9 R AR S,
& 3(b) . B 56, 20 Bxt sk B E T RN T 51 V e RE+Dd 34730 18 4 B 1 #t Kt Ak (max pooling) F1°F-Hgih
1t (average pooling), 75 EEIE [ 5 m),, € R M m),, € R.

RIA, Hﬁ%jﬁ/ﬂ%%ﬂjﬁi’]@%{%ﬁE’J@Lﬁ%%ﬁff i, BEER R m e RY. )G, MR B IRE
A Tx T BB BIRH—A Sigmoid Wi R AL, BB E R B Ao, T BB B EZE, WA (1)
FizR.

Ascr. = Sigmoid(f™ 7 (m")) )

RJE, BRE R A, SHANBIEG BN FHIV e RED< (5, W45 3] SGL A B384 55 J5 (1 F5 1F e 5t
‘_/ER(K+1)><d

o JHIE LM (CDM). i 1HE 2 MR F @ & 07, B IEPERHIE B -R AN (R 8 T8 2 8] A ELAR A OC &, U
B 3(c) Fron. it B & RN IR [F38 38 (1) B M, CDM 3 MR fEs BAE T I BE BB EE, R I5 1Y Stk A
(MBI, {8 H bRAT AN SE IR . (RIS, DR S A B R 0 1 388 5, AR EE T AN MR AT A SR AR, IR SRR %
R I8 T T DAY R P A I R, $R v R I R R

B, AR SGL M55 BURFE WL V 34T 42 J5 S Rt Ak N 42 ) P S50 AL B, 15 8 ANE I8 A 5 e,
L PRIEHG ml, R, JE NS Z AN R AT AR B, 45 21 hy AT hy . AP 222 00 19 2400 2 X 258 RO T R AR
] B, XT%HS@Q’@W B2 SRR (AL, 30— 25 AL AE B 45 R, AT 2 4SS 70 e e R i 3254
71.

B, K A1 0 28 A TS B A HRAE 17 5 Ry Ay AN, 2235 — A Sigmoid i ok S0 1E 5 15 2URUE &R 507
B Acpv, FH, W, A b, R 1S E, A 2) Fis.
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NP3 Ve REDxd,
222 FEHLIE SR

45 BRSO, JRATIEFE L 15% MIRESR BEALBE O A T, FE8 o0 R e MAERE A 5, LLin A “[MASK]" &,
L SRR S I SRR B G, AR S M A B TR R IR A BUAT N R, LT 1(c) B R A i 2, i SR RSO
ik A 5 H ) “a pink shirt”A1“a pair of blue jean shorts”#% i, #5784 ] 2 56 finyE & HARFAE, Ebin<a pair of gray
shoes”F“shoulder bag”. WIS X FP 773X, AT LAIRTF IR 115 SCERAR AN bR ST RE 77, M3 SR A T 6 S0 A- R
AT NEUNAT S5 I AEw M A& e, 7EVIZRMT B, BENLTE S M H N T BUER - SURBSBEES X 55 RS, (H2 7EHEHE
BB, A B T R4 5 22 1 SO0 5
223 BN —HURHE S I S R

T8 B AR 1 242 ) 465 168 5 7E SE T I JZ IR ER B UG FIR GO, il &k SR AE; 7R BUR 2 AR I MG 1 =
AT SURHE, iR TR S4SE . 1K SEAN ) 2 R IREAE XS A AT 5580 2 A B 1. 28T, WnRAAE R —R
5 AT PSR AS S 5, AR AT B8 < g SRR S A R LR SO IR IV TE R &R, TV e mRS BRI A R A T
PRI AN 1], 15 S — SR 4 7 35 I 28 e i S B 1 2 RBERHIE IR F 28 SO T AT Al G, 1138 7 1 A
AL P 1R) R A B, AR PR R Sy 81 LAt RUBE b ) B B ARRAE

T, B —4EF 5 V e RE V< RIF] Seq2Img ¥R )5 R 4 BURHFME V € R7™V=C, SCFP K JH 2 x 2 AT %
KEEMEN G V e RWXC s BLEUAS [A) N RE FOAFAE . o0 00 R SR AR AE 9 SR ARG AE, 5 T HARRIIA L, B R
REER; RPN RFHE, B8 7 BAARES. RO AL ESER. AOTBT 4 24 7782 1 RHE
Kz, &EREMERLE 1.

# 1 SCFP ] 4 ML EZ I RE L D) b

No. R Tite
0 [H,W,C] Y TPNSEE S
1 [H/2,W/2,C] PR PRRHE, (B &b % SOESF(EE
2 [H/4,W/4,2C] DA ERCEE i = & 1) R S AR ALE PR SRR AE
3 [H/8,W/8,4C] JGFiE R, BEE S R E R, XELRER
4 [H/16,W/16,8C] o He2e 0 A S 5 10 X B R RHE, (HE R T 2 RFRrE

1 ZINEBEAT, RFA/DNRNREW 12, (B &0 % SERIXFENRHERE; 55 2 ERmEHy BAR
LR EE 2 £, B AR RSHAR /N 9 JRR 19 1/4, IR EURE =5 (HREAE; 28 3 B RE B EE i A\ BB
4 %5, B RS9 /NRFER I 1/8, 12 REE WK AR Sy e 2% tH MR AE 1) R, RTIE Y, R85 4 ERHEE &R
RZREWATEE, XNASBE 1. 2 BRHERRARIAERER; F 4 BR@EEsy B AMA BB 8 £, M
BEUE RT 4 /N R JE R B 1/16, 105 2 RHRHE, (R TR B R T 2 RARHE.

SR, SCFP A [R] U (A 4R AE 1 3 3 38 S 3 0 vk S AT Al SR T DA 5 8N FRUBEHRAE FE) 22 [0 1) b
P, AR A 6% T AP IR B S T AN R B ROIE SUE B A58 1 Z RIS 2 J2 RIHIE BT — RS GEE it H.
5, FIFH Patch embedding ¥ —#ERG AL N —4E token 741, K~F 205N (B, H x W/4P,C] M1 (B, H x W/16P,2C],
Hr, B, €. H. WA BIRREGEHE AN, EIE. & ME R4, AR 3) Fir.

E, = Patch embedding(V) 3)

WG, 3 1 E1F3I1 token [T A4 1T — /MR ZIMPERAE S 28 2 1Y token FP AT RF RIX 5%, 1R i
BITBEIEN O RSN (B, H x W/16P,2C1), 55 2 JZ13 31 token JRFIERIER 10 Ky VRSN (B, H X W/16P,2C)).
B —NE IR 2 Sk B S8 E (Multi-head attention Add & Norm. Feed forward. Add & Norm), f4 3| R~} A
[B,H x W/16P,2C] [f]—4 token J751 X. BRI Seq2Img HAEiR )R X 74 BURAFE X,, R~FA [H/4,w/4,2C1, B
ETIERFEEERRBER.

%3, 4 BRI A EAEREUE b, BERON [F 2 RN 5 4 EA B token 7 A — AN M B i BoRAE
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55 3 2131 token 7T R IR0 5% Bhg (69 = 4 EURREAF 45 509 X, R~ [HY8, W/8,4C], BEAL S T
5 4 B RE B AS TH 3 ERAEERRBEE.

Bk, 4 X, A X, BT — IR XIER SHE, BT Patch embedding KPR X, T3 2] token 751 75 i
W SRRE, AT 55 X, 7331 H token J7 1 3EAT 0 55 VAL AR 45 SRR XY, RSE N [HY8, W/8,4C], L8 T 5 1=
R4 RS B, BT .
23 BRAXEEBENER

AT 2 S UG AN SCA 2 1] e 56 28, S RA M i SORE 5, BATBETT T — AN 2 7650 L & ik i 4 1
AR SCARAE . 73X AR, A% S 5% 22 RF P4 2 20 SR £ Sk v 7 PR B Sz B PR - SC AR 3 5%, e, @ 3%
Query, FITZEHIAR RIS B K R 1 45 12 Key F1 Value fI%45 5 , 1F A 25 DU AL FISKBUR R FRFAE . 200
MIA Ak, FRATAT LU ) 5 47 ) UG- SCAR FERCR. W8 4 B

Patch embedding
‘ \
]

ol T |

Vy K, O Oy Vi —

Multi-head attention

Add & Norm Add & Norm S

Feed forward Feed forward
Add & Norm Add & Norm !

K4 ZIUZIEREIRE MIA 451418

231 ZIEEBIR
TR HARZS, FATHE SCEP A FE 45 21 G RFE XV e REAWSAC VN N, R Patch embedding ¥ B 11 =
YERFAE Rl —4E P HIAERE E, A (3) Fivn. B2, Wi e MR H B BB AFE LS 1K) n A head WIS i A
T3 AN AR Qs Ky Vi, WA (4) Fios, Hoir, i IS EERE W2, WK, WY e R Sy HIRE — DM E.
Qi =E, W¢ K =E, WK V,=E, W @
SRIE, AN BIE IS i A head (7% 3 JIBLERFE head; € RV 1A (5) Bk, Hoh, dy R4 (K)
YRS, Yo T RN R SR IS 4R

head(Q,K,V) = Soﬁmax( Q\"/;ii:")- v, ®)
5, ¥ n A head 133 WER I FE B — R AT 52 E SkiE R JITHE, AR (6) IR,
MHA(Q, K,V) = Concat(head,, head,, ..., head,) 6)

KT SRR, BA TG SR Y 23 LU B 19 SOARKHE X7 € RV N—NRTEE, 193] O K. VHERE, 10
A (), RE 5 EBILEAFE S H 2 kit BB,
E, = Linear(X") @)
24 RGEERER
TEIRTF MG SCAR ) 2 SkiE B AR Ja, FoAT1 75 BT 28 X B 038 4E. ok, A1 B A RIS A 21
Q. FERE S5 EEmIBARIM K, V, AT R, BUEME AE1S 211 O, F RS SCARMMSIS BN K, V, TR
I, SRR IR Artn, . Ann,, WA (8) Fias.
Attn, = MHA(Q,,K,,V,), Attn, = MHA(Q,.K,,V,) (8)
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AR BNE R JIHERE Attn,~ Attn, J5, TATRI A E FLRIE R 1R (W0 Add & Norm F Feed forward) K fili-& 515
HMEE. BRI E, TAVE A SCRE BAE B WHERE O X EUGAS Bt 47 UCEC AN R, 487 9 2% 5 i1 5% 5 SCA Py
FE A ST 1 FEAR X35, T SE B MG ORN SCAR 22 [R] A8 SO 5% RIS RATT B AT LASE F R A5 B AR S 2 R R
O, R SCAE B AT TR IBERAE, 3SR M EE L ZERIE E, BB 1R 7S BUGAH SR A L. sl ix
FhEs A 22 FLHRAE, FRATTRE 0% B0 47 b e & BUE AN SCARAE B, R EATTZ I B B 26 ZR SR SRR = & RFIE R R, 3R
73 50 HERA IR SUN S 4 5.

BRGSO RS AN A, (BT T & I SUE BAR R, R, FATACRTE 2 3 BE X 2 0] P A AE — g 7
5 XAy, FeREE TAT NG SUE B, AR S, ARSCHR R T8 S0 2 RUBEXS 55 1T [ 3 S 1
PR A AR SO R R — 327, H3RAB 2 A2 RS 55 10 EHGORI SCARRAE. FoA 18 1 TH AR AE AR A0 £
2 T B ARACLEE , W UG RN SCAREAE 23 BC 25 A0 B 38 SO Gy B —47 N B BT R AE #6817 S 1 SO s SR 4, T
AFEAT NHRHE 2 [AAH ELHEE. il 5 Bros. flin ID A 248 1 fr 2 2 AR R AE < 1l B ) R o0 A SR 4R, B
ID A A1 ID B F{JiF SCH 0 i 2 8] BRI R B 2 K

© 1B LT N
:, B SO
: m E m :
: Ny OD |
1rA 2 mh| = = :
! o :
VMR " mem .
| I'EI = l
| 1
R DA IDB IDC !

5 TR AL R R 2 A

2.5 HKEHIRT

9 T A PR R S A5 22 B AT S BB 3 SO 5, TRANIBIN T BB B IT LR Lo €1 B 8
B A B KL B b, 4 R IR 10308 KBk SR T AL GO XU HE I 52K 1 = R R B
8 0%, TR IR K/ 0 FEMGURI SO SR b 22 B LT (R M R DL R . T B MR 7, BRATB R P -
SCRFRRAIAIE (7)ol b, gy REACRICRIORREE, 3, = 1 207 (7.£7) R EIFI— S OIS,
Yy = 0 FRAFICRCH. £ Al 7 AEUCACR (AE AT JIS A 5K (9) T

P = ixp((fiv)Tf;/T_) ’ ]7;= i o

S exp) i Al

Forr, 7 PRI BEAR AT A IR BEE S, f1 RO SCARRFE. £ LT L, ()" F B f EBFE £ 303

SCARKHIE f1 &, B py AT /MR ) X (ff]') P B E . K5, B A3 (10) AR /MR A
EUE BISCA B CMPM Hi 2%
P SN Pij iy
Leywn = N;ZPi._fIOg(qij+8)’ qij = N N 10
Jj=1 b el i,

Horh, & R BUE K N, N RIS MEE RS, ¢, R IA AU SR ILI R, E R R v B R 2
SCAFANTT A 95N 1 AR SRR 3R 5 HL VLS R SCA R 2 18] (R 3 1, F ELBAT TS R 3EAT SRAL (3 A DRS4S 3L
AR5 HL VL BC AL R hral. R AR, MSCA 2 BE ) CMPM B2k 72 24 3K (9) (10) Az #e f Al f Kt
SR, XUE CMPM 5 ki 223 (11) T
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ML F RS REA F 5 X Z G XIAR-BBRATAEIRA T ik

v2t

—- 2y
LCMPM - LCMPM + LCMPM

4855

(11)

[, 25 FE B 22 Sk AR HL R AN ] head B9 HR] DU SRS L TU A R B 038 S, N T 78401238 G RI SC A
PP B AR B A, A5 BN IR RS AR AE R T AR — A5 2, BRATTE AN IR RS RS AE it o 22 BE M 20 SR 2% Ly, , 8E
Hafs BIUA, A= (12) Fiw.

15

(12)

R i
Ldiv_Z Z [| f 2||f,‘“z

i=1 j=1, i#j

|£1L1£1,

BEAR, FATTR B 5% Lig #5647 N R BOCAE S 40 Rl 70 AR RO, DRAE T S 2 O TL RS, & WA
B8 TS A B B, PRAE TR — BRSO AR LR AR IR A N 2 8] rh B IR A — . o, i =T
VAR bR % B A BCE [ B, GN(X) A28 4w T A AR A5 2 K A — L EBRAAE [ &, B0 Bk RO O
Lig(X) = —log(Softmax(Wig x GN(X))) (13)

I ERPSHESBEOILACRIR . B REEBIR AN S 0 535k B 20T, BRATTAT MBS A5 AN [ 18 8 SO T R
fiE. Z5 I, IR R MBS IR

L = Lewpm + Ly + Lig

3 LWERSHH

3.1 BEESMHETNIER

T BEAR S TR U, FRATEE 3 AN BB BRI SO B EE I Ak R $dE 4 CUHK-PEDES. ICFG-
PEDES & RSTPReid L-#HT T T 32 itk A A

CUHK-PEDES'& 55 1 A& T F 30 A B B i AR R M SdE 4, W 6 Fios, t 7 40206 i@ E{G A
80412 M CAMIR, FT 13003 A5 . # I8 B 5 Bl /v BIJ7vE, IZREEt 11003 NSE 43, 34054 /S E5 0 68108
AR A . WAEEE LA 3078 5k MG 6156 N CAFR, ML E 3074 Tk EUEH 6148 AN SUARIR,
EATHEA 1000 MFRIR.

A

A woman in a pink shirt, a pair of blue jean shorts
and a pair of gray shoes.

The woman is seen from behind wearing a light
colored t-shirt with a pair of dark capris, and a tan
purse slung across her body from her left shoulder
to her right hip.

(14)

A woman in blue jean shorts, light colored shoes
and a pink top carries a light colored shoulder bag
outside.

A woman in a pink shirt, a pair of blue jean
shorts and a pair of gray shoes.

I

A lady with long black hair.Wearing a black shirt
and black short pants. With tan or light colored
high heels ,she is also carrying a red purse and
walking next to bickes.

A woman in a black shirt, a pair of black pants
and a pair of pink shoes.

Female with dark hair parted down the middles,
wearing upper garment that is partially white but
mainly black. Black pants that end just below
knees and light colored shoes.

A woman in a white shirt, a pair of black pants
and a pair of white socks.

I

A man in a white shirt with a picture on the front, a
pair of gray shorts and a pair of gray shoes.

The pedestrian with short, dark hair walks with
their left hand over their stomach. He wears a
white, graphic t-shirt with gray shorts and shoes.

The man is carrying a piece of paper in his left
hand. He has black hair.

This person is visible from the back, they are
wearing a white short sleeve tee shirt, gray
Bermuda shorts and is carrying something in his
left hand.

v

A woman with black hair is wearing a yellow and
black top, light pants, light pink purse and white
sneakers.

A woman wearing a black shirt, a pair of blue jeans
and a pair of black and white shoes.

This woman has long dark hair. She is wearing a
jacket, jeans and sneakers. She is carrying a large
purse.

A woman wearing a white and black shirt, a pair
of blue jean pants and a pair of white and black
shoes.

6 >KHE CUHK-PEDES ¥4 ()47 \ BG- S0 AT
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ICFG-PEDES "8 4102 AN 543 f) 54522 MNER, 64 7t CUHK-PEDES £ (¥ LA & 4 Ay b O AN 4T KL
M AR, A UG A — AN R SCARRER . R 4R 2 NN AR EE, G & 34674 MR-
XF, Herb A 3102 MRIR, TR S 19848 ANMEG-SCAT, T HI4 8 1000 MRiR.

RSTPReid" M3k B 15 MG LI 4101 DN E4K 20505 TR EME. B B804 5 5K A RBBHLIAET
Xof U, BN EUG R 2 AN SCARHER. P B 7 R 2 5, 47 BIEA 3701, 200 #1200 A S AT ISR, JeiiE A0
W, A FADT 23 A HA.

AP AR R R HEZ BT k 4% Rank-k (k=1, 5, 10) fE N EZ WA E &, 2445 & — AN EHSCARIE, B
A B e UG ES ARG FOAE LB AR AT HE 44 . B A R BB TE AT & AN EUE P AELEIC I A EE. 5380, % T 256
P, BATIE R TP IEFZRIME (mAP) FTI18 FIE T (nINP) 155 SN R UEN. Rank-k mAP F1 mINP
(MR e, P AR AT
32 LKEEERMET

FAE I PyTorch SEHL T FT4R H AL, 7E 5.4 RTX 3090 24 GB GPU LT T Il 4. ASSCR A CLIP 1 EIE
DA VIT $REULSERRAE, BT A N BRI KN R S 384x128, TEUIZRid FEH R FHBE ALK B0 . BEHLIE A
B AN BEA LI PR S 1R R EME S . A SCR A CLIP (93X A 4l #% Transformer $EHSCASKHAE, ¥4 AR 7 51 1 5
KKEHRE N L=100. EUGFISCARAE RN ZE B2 15152 B d=768. % T2 038 H4mig 28 1= — 2, kiR NA
ek By 512 A1 8. FENZRB B, TATTR A Adam 1E 9 HEALES, IR 200 A, L& K/ 32, 2 0 B4 iR1L
X107, %5 ) EETEI. VILERT, TATIE T 5 AR, H25% 2@ B 1 x 1070 LA INE] 1x 1075, Xt
T BENLAT AL RIS, RN T WT 0G24 ST RV E N 5% 1075 . CMPM 5125 B 8 iR 8 28— B 0.02.

TEM B B, 180 4R 5% 85 1 R P B MG -SOAR G M AR UL FE A ARIE SCAR A ), X AE LB A3 40 E AT HEP, AR
R A ER.
3.3 5 SOTA ARttt s34

R T WA T EAESCAR-BEAT N BRSBTS A i e, AT e o7 vk 5804 £ 7 7%:4F CUHK-PEDES.
ICFG-PEDES & RSTPReid iX 3 MR FbAT b, 45Nk 2K 4 foR. X760 40 AWIEE: (1) BA GNA-
RNN. TATV. Dual Path”! %5757 MARK 1 4 RULEC J7i%; (2) LA PWMHATH, GLA™, VITAA!'2%577100h
RFH)JRIRICHE 7%, ATV INELERTA 3 MEAEER R IR 4B i on it 45 1, S T E RSt

# 2 % F15AE CUHK-PEDES 45 I it S0 45 BT EE (%)

Jrik Bt b3 Rank-1 Rank-5 Rank-10 mAP mINP

GNA-RNN! G CVPR 2017 19.05 — 53.64 — -
IATVY! G ICCV 2017 25.94 - 60.48 - -
PWM+ATH! L WACV 2018 27.14 49.45 61.02 - -
GLAP L ECCV 2018 43.58 66.93 76.26 — -
Dual Path!” G TOMM 2020 44.40 66.26 75.07 — -
cMpMm/C!™ G ECCV 2018 4937 — 79.27 - -
TIMAM!™ G ICCV 2019 54.51 77.56 84.78 - -
ViTAA! L ECCV 2020 55.97 75.84 83.52 — -
NAFSP" L arXiv 2021 59.94 79.86 86.70 - -
DSSL!™ L MM 2021 59.98 80.41 87.56 - -
SSANP4 L arXiv 2021 61.37 80.15 86.73 — -
LapsCore™ L ICCV 2021 63.40 - 87.80 — -
ISANet"" L TNNLS 2023 63.92 82.15 87.69 - -
LBULP! L MM 2021 64.04 82.66 87.22 - -
TBPS™ G BMVC 2021 64.08 81.73 88.19 60.08 -
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#£ 2 %5754 CUHK-PEDES #4545 9236 45 B XT Lh (%) (8)

Jrik KA SR Rank-1 Rank-5 Rank-10 mAP mINP
SAF?7 L ICASSP 2022 64.13 82.62 88.40 — -
TIPCB"® L Neuro 2022 64.26 83.19 89.10 — -
CAIBCH! L MM 2022 64.43 82.87 88.37 - -
AXM-Net™*! L MM 2022 64.44 80.52 86.77 — -
LGURM! L MM 2022 65.25 83.12 89.00 — -
vT# G ECCVW 2022 65.59 83.11 89.21 — —
BLIP™! G ICML 2022 65.61 82.84 88.65 58.02 -
TransTPS™" L TMM 2023 68.23 86.37 91.65 - -
CFine™™” L TIP 2023 69.57 85.93 91.15 — —

Ours G - 73.55 89.30 93.86 66.28 50.68

# 3 K J7V5AE ICFG-PEDES 44 ) seo 45 xt L (%)

Jrik Byt K Rank-1 Rank-5 Rank-10 mAP mINP

Dual Path!”’ G TOMM 2020 38.99 59.44 68.41 — -
cMpm/c! L ECCV 2018 43.51 65.44 74.26 — -
VITAA! L ECCV 2020 50.98 68.79 75.78 - -
SSANP4 L arXiv 2021 54.23 72.63 79.53 — -
vTi# G ECCVW 2022 56.04 73.60 80.22 — -
ISANet"" L TNNLS 2023 57.73 75.42 81.72 — -
CFine®” L TIP 2023 60.83 76.55 82.42 - -

Ours G — 63.32 80.30 85.81 38.14 7.84

F 4 % J55AE RSTPReid 4 B sEI0 45 BT (%)

Tk it KR Rank-1 Rank-5 Rank-10 mAP mINP

Dual Path!”’ G TOMM 2020 38.99 59.44 68.41 = -
cMpm/c!™ L ECCV 2018 43.51 65.44 74.26 = -
ViTAAM™ L ECCV 2020 50.98 68.79 75.78 = -
SSANP L arXiv 2021 5423 72.63 79.53 — —
VT G ECCVW 2022 56.04 73.60 80.22 - -
ISANet"*" L TNNLS 2023 57.73 75.42 81.72 - -
BLIP*! G ICML 2022 58.25 77.85 85.65 44.08 -
TransTPS™*" L TMM 2023 56.05 78.65 86.75 - -
CFine™” L TIP 2023 60.83 76.55 82.42 — -

Ours G — 59.25 82.40 88.90 46.80 24.85

W 5, AT B2 46 03 HE CUHK-PEDES RS RATHI 7%, i3k 2 FioR, BATKI BT ATl
BSEHEIITTI, Rank-1. mAP R mINP 53 HIEF T 73.55% . 66.28% F1 50.68%. Fr5 2, FA TR 08 T4 17 1)
#T CLIP ) CFine, Rank-1 Rank-5. Rank-10 73 7#2F T 3.98%. 3.37%. 2.71%. X wJ T TRATEE H 1 el
Z RPEXTFFREEL. AN [F T CFine S B B SC 4 Joy AR SRR AE, FRATT RO ABE B 1 T S — BURFAIE 4 7 B I 2%
SCFP K A~ [A] R BE (R RRAE ] B2 VRl 7 [P, 86 2 RS B RIRHERL Bk, &SRB BLASAT AR 7 AL
R

N T TS RA T L ENZ A BE S, FA195 5 ICFG-PEDES A1 RSTPReid 7/ 4 i $idE 45 b (30 B 70 %
FHAT TR, RN 3 MK 4 FioR. Bl BoR, AT IEEX A BR 48 1 5 S i i 7 v R ek
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£ ICFG-PEDES ##i4 b, AW ITVELE Rank-1 #ERZTE R 1 63.32%, #£ Rank-5 F Rank-10 M2 5B 3 1
80.30% FlI 85.81%, MTE mAP IR T 38.14% M 7. IR LE RS LE fT A 51 HE o 7 v i Jm i 4, L2
CFine M EL, FATITE Rank-1 LRIRTHER] T B34 1 2.49 AN H 4 45, 80 T RATTIRAER R A G —E /It
ARG .

7 RSTPReid $idfi 4k L, BATHI T IEAE Rank-1 HETR LFRIFERDLRLT, X8 T 59.25%, BIEME TR T
CLIP f¥J CFine #2741 60.83%, 1H Rank-5 Fl Rank-10 #EHHZE 5 5N 82.40% 1 88.90%, % CFine W& M T
5.85% Fll 6.48%. [FIRT, 7 mAP EWMIEAS T 4 A8 H 1) 46.80% 17543, LbAh, IATAE mINP FE5 b BRI B,
R 24.35%, {HIXAN i br 232 B2 S e 7 AR B 7 S U A EL Bk ok P P UG A AR 7 T O BB . RV Tk, FRATT A VRS
fih BV BEFE AR 11K BB B, AUHE mAP N Rank $8 5 110 R4, R AT TSR AL T3 A8 LT, i HLAE
TR B AT i IE A B DL BCRE AR 7 T th R DL .

S5 FETR, AT IEAE TG 3 ANEERERSE FOFTH TR bs 1 Ia 20k B RS, IXUEM T 344 H 1 7k
[RYZ Ak T T e k.

34 HEASIIE

T B A ST R T ) 4% B B R 4 1 sk, FRATIYE CUHK-PEDES R 4E kAT 7112 (98 M 46
“Baseline™ & 51 § FH7E CLIP LI Zki VIT Fl Transformer 1E Jy G ST A 4t 75 28 SKAR BURHAE, T AN A £y
PEHURE— 35 AR N . 7ESRI0RE A, BRATIE I H & A R H AE R 56 TR R s AR AN H AR I BTk, 25 SR LR 5.

# 5 BAE CUHK-PEDES It th AR R fR) AN [R] 2 B A 2 (1407 RATE 7T (%)

—
No. 7% TED éﬁsﬁiiﬁ a7y Rank-1 Rank-5 Rank-10
0 Baseline - — — 68.19 86.47 91.47
1 +FED N - - 69.31 86.86 91.68
2 +SCFP - R - 70.16 87.15 92.04
3 +MIA - - v 70.55 87.55 92.45
4 +FED+SCFP N \ — 71.23 88.10 92.71
5 +FED+MIA N - v 71.84 88.57 93.11
6 +SCFP+MIA - R v 73.09 88.93 93.42
7 Ours N \ N 73.55 89.30 93.86

T A FRIRAE LA A (Baseline) b 1 B 7R N A A AR B

o [ S5 F) B 25 AR (FED). @iT lh## 5 7 No. 0 A1 No. 1 fI45 5, IEBH T #8007 FED [F#%Y 1t 5E 15 2 B
BT, Rank-1 M\ 68.19% $-F+H] 69.31%. X & FNARR T4 94T N B GAFAESE I, FED i 88 R 15 B
I HIGSRAT NRRAE, 13 Bh TR S 5 SR 2 (R BIAE BANTAE, IR ) 22 6.

o iE N —BUFIE & F M 4% (SCFP). S T 3 1E SCFP 14 2, FATHLH T No. 0 il No. 2, ##: T Baseline,
Rank-1 Rank-5 F1 Rank-10 73 3RS T 1.97%. 0.68% A1 0.57%. U1 No. 4 {145 5 iz, 7€ No. 1 JERl_E R0 SCFP,
PERE T IR T 1.92%. 1.24% FH 1.03%. X 3R 1 2 REERHERLA fe iy Rk 02 M PERE I 25, A8 X R J7dd FHE R
bR R AR P 2 ) BOAS SR, A 79 A0 0 JS )RR AAE B 6 4 JR R AE SB35 Jo SRR AIE, 7 BT B A AS U I P STURRAE.

o ZILAZ HiEEMLH] (MIA). JEIT L No. 0 F1 No. 3 HUZ5 SR, MRE/ AR A T 2.36%. 1.08% F1 0.98%. H47E
No. 1 FJ5EAL EAR I MIA ARELES, Rank-1 M 69.31% 2 E 32T+ 71.84%; 1i/E SCFP (3EAE i MIA 1450
No. 6 iz, Rank-1 Rank-5 1 Rank-10 -S4 T 2.93%. 1.78% Fl 1.38%. B it SLIGIGAIE, #in MIA BEHLfHE
ZRFE ESCE R BTSSRI T AP RE. B R RO A /NS RIS 2 (B ) 22 B, 38 0 G R SO AR 22 TR 1)
Be 2 AB SO 5. 36 7 W A 16 098 o 0 PER 4 ERLAGORI SCA 22 T V) I IBG,, AT S0 B HE R 147 N EEL R 5.

BT LR No. 0 F No. 7 25 5, FTANE #:8 H CLIP SkSEH TIReID £ AR, 4R L &M, 158K
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14 H (¥ FED. SCFP Fl MIA ixX 3 AMBLELE Il A, PERE /T R T 5.36%- 2.83% Fll 2.39%. 45 b, A SCATHR
H R BB HL R B 5 A R B TR 22 88, S SCA- BB AT N IR AR AR A .
3.5 BEEEmIH

o TS EL. TER R AR, B S o nTVR R AR SRR 1] B 2 IR B ARBLEE, an AR (9) R, BiEE 2
SR 2R 53 A1 BE P30, BIVREAIE 1) 5 22 R] BRARBLRE B8 350 50, B R T X A AN AT N SR AR 2 (S M 28 40 A1 BE 94, B
A ) B 2 [B] PRI ARBL S 22 55 B8 B &, A Bh T3 it T AR U7 AR B8 7). A5 7E CUHK-PEDES #0445 bx¢
AN 7 AT, S5 RAE 7 FiR. BEE T 0 BN E) 0.02, Rank-1 Al mAP IS BABERTE; 746 ¢ M 0.02 F] 0.05
AR R, BRI BRI T %, 8 Ho A AN BR 45 DB Rl S iR g 1. IRk, AR+ = 0.02.

o BEMLSCAFERGMEZE . 7 AT SCAHEND (78 A SO0 B, SCHETE T i FE R AL S X A 280 1 B IR 4 ). SCARFERL AR
AR IR TE VN ZRad F2 H BE AL BE W SCAR ST 51 A B — 30 43 4 LU A9 3682 O HERD R 2 A LIGE A ASE 20 B 4t b S
S ISR TTUIN B 30 55 PRI, AT 5% =) B0 B 3= AN A AR AE R . A3 1) SCARHE AT R 3 7 12 1 A R Y o AR A 22
SR RUBRME 54T IR BE T B3G5, AR R ME 2R AT BB A2 LA A 2 2 S B R B I bR SRk, T s
F L M 2R ) T i 5 B0(E L, PSR 2 5] 34 AR E R /8. A5 7E CUHK-PEDES 2454 AN R # 3L
AHERD (PR AT T ARS8, 45 A 8 BT, B FERD AR (M3 0, MBI R RE & 7 T 26 B THE T BRI . 7EHE
T M BRI (N TR Y 6% 9% AT 12%), Rank-1 Kl mAP FEbrEUIK, 1X ] G2 B BEA 208 BOPk ik ok 2 ST R
B KR, FECTAFAT ANIX 568 1A 8. 1 4 A MER G N E] 15% I, Rank-1 1K 2 T WE(H, X 3R 91E B 1k
SRR R T BN T R SRR B 5], AR T TR BIRE ). AR, SRR 3 — IR T & 18% B, Rank-1
M mAP FaFR TG T B, B 7n il m RS A 26 0] B T 805 BB R0 2, BRAT T B 8Y M SCA o 2 ) 7 SRR IE R R,
AR R AN A F A MR A 25 b, RSO BEN L SCAR SRS RN 15%.

T N

—— Rank-1
—e— Rank-1 e mAP
—= mAP

0.01 0.02 0.03 0.04 0.05 0.06 0.09 0.12 0.15 0.18
EEE S BEHL A HE R R

& 7 {f CUHK-PEDES %34 /347 K 8 7 CUHK-PEDES 34 437
BEBSH BERLSC A HERD A 2R

3.6 HEMESH

FEARAT AR, FATX HE LB BRI 2 4R RS R I TR EEAT T ANS AT, W3R 6 Fim, BATEZH A IS4
FIH A 5 LA TIReID A ) 8 75 252647 Bk, il NAFSPY, SSANPY, TBPS!', LUK — Rk Sk &
SR 732, it VILT™®), ALBEF™®. i1 Transformer /{124t LSTM BX BiGRU %, AT M7 25 B i i
SSAN. TBPS, (HEATHIA Z AT 0] G 8 s, KMRAR T F AR 7EHEHL Y BT 2 ). b oh, AT AR A T
O (1 CLIP T R BRI MA 1 24, W RS nfiD 88 VIiT RISCAYR A% 8% Transformer 43 71 32 BRI 45 0 A1
ARKHIE, BRSHEIER] T 194.55M, BEARNS = T f# A Transformer ) SSAN [¥) 166.45M, {HAS Z B (A1 E1 Q4
20%. AH T30 0 B SORE R D7 v 0 VALT A1 ALBEF, FATTH 7 v A A R i|) = B B A 34 i, VILT 78
CUHK-PEDES $(#4E F AT 2 103320 s, MEATHI A AT 8 s. X455 T AR 7720 7 %t B vl R ) B
SCHREAT G AD, T RAN SR I — KA. £56 kG, AT RS EE AT B R A G R (A [R5 8T (1 e
3R
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6 RIS (] 1 LR

Jiik EEVDEey ZHE (M) KEIT I (s)
ViLT*! Transformer 96.50 103320
ALBEF™! Transformer 209.50 12240
NAFSP ResNet+BERT 189.00 78
SSANPY ResNet+LSTM 97.86 31
TBPS! ResNet+BiGRU 84.83 26
VTl Transformer 166.45 42
Ours ViT+Transformer 194.55 8

3.7 HHALOHR

9 J&7~ T Baseline FIFATTHE i (77 (1T 10 MR LR, Horbr, VLECRIAIL BE ) BB 7 30 FH 41 e R i
HTEARC. R FTR, AT T EAER R a8 R S InAER. 725525 Baseline Joi2A R B IEMI S RV T, Al
(K773t AT LAFE Rank-3 AP BEPR B IEAA K 25 . X 32 245 25 THATM R Z RN 5 & 2 n R Wik B, ©
A Rl 1 BR 2 RO RHIE 5 SCARHE AT B LS S L, i/ D T RS TR 22 8. LA, BRATT A BLAIRLE (14 5 £ R
(. KR BT HRX DA FIATA, XKLL R 9 v R (A 0.5 Hh 7R (K SCA AN B G DXIE k4T
T,

A dark haired woman is @

wearing a white dress.
She walking away from
us, SO wWe can not see
her pace. Her hair is
long and straight and
her dress comes down
to her knees.

Baseline

Ours

™
\ ' Baseline

The women is wearing
ared dress and flip
flops. She is wearing a
black watch and a
brown and checker ed
patterned purse on her
right shoulder.

Baseline

The man is wearing a
white shirt and grey
slacks. He is carrying a
black bag over his left
shouter.

Ours

9 Baseline FIFA 1177757 CUHK-PEDES _F XA SCA BT T 10 MR 45 G s
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4 IE\ g:é[:

AR T — R TR S RN 55 A 2 S0 A8 B = SCAR- UG AT N IR B 7 3. 1 2, A5 R S S
—SURFE 4735 (SCFP) $REUFI R & UG AN [F) N BERFAE, SRIRAS AR5 4 R AR 35 B AR E . Bk, i 2
JGAE H R T (MIA) 2 3] B SCRFAE 2 18] 158 HL 56 R T 48 /IMEAS T8 22 8E. FF R, BT EUG RSO 2 845 R
S5, ARSCHEH T AT S SR B 8% (FED) K 38T 55 2ot HIMsmar A iE. s, 16 3 DMRAT SRR % CUHK-
PEDES. ICFG-PEDES & RSTPReid I #47 T i mhszi6 LK S5 19 SOTA J5i2dt AT Lh et sy, sb 45 FAE s 7
FAHR H (O R AE A7 JE T SCAS 1) N AR 2R O THI V) R A7 M RO A skt
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