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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
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descriptions, the traditional methods usually split image features and text features mechanically and only focus on cross-modal alignment,
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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TR, AR 4 T DA B SR e SRR . 53— T3 1, B RS2 A S o LRI AE T A R B B K 0L, T
B 2 4 SCAE R BN T SO IS B RO RS S 1 R B AE RS T SCARAE 10 5 2 20 A, 10 SCART
TR E R I S ¢ FoRSCARRHER T ERRFE O R 0 A, LLS o A, HIBEIRE— AT RoRE— A
TRRFE R B T ITAT SO AR PP B AR A

o BIARWIZE TG REMHIFE. BIAR N IZ 0 R EMHLE AL B R DUE BB, B e S, R4
TLER PRI W G 2R, #SFELY: T BLAE SCAS FE TR0 A B A R B0 B R 7o A8, LUK 5 308 o s i it th 5 AL
L T R R 2 B AR R 1y — AR, B0 ST BACR L, B 5B RS 741 T € R™ TR NAE A Bl i, 0 TSI T
TIFERE S 1y PR AT (R KA, BI04 TS DG 3R B AR R I SCAS L3R Sl L3 Ay 2, % PRI S A AR A
AT TR N K TR, 0T LATE S 7 KRB TP HR B PTG R HRO6S WAL, R JAR D B R R (R0 3R, 1B 0 3R A A
R, BT A 1A — X R R, #4R B T 2 0 B SCAR DG R v BRI R an SR 1] 1 .

M AR A A IR G R SRR, T S H (KB S A A A T MR AN SOASHRE S P R IR AE IR, K A )
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(IR S 10 5 IR R Sy A KL BT LA, T DAL PN 70 A5 T AL, AEREZR IR )56 R 78 /03T, AT
N SCHYE. T SCARIFA T € R Al iy, SRADOSFR AL, RARSRARARISE 1 R, b Ext(S 1, T, T))
K Ext(S 1y, 1, 1) 53 SRR NSCAREZS N ERE R IIRERE S pp ATEIR RS P9 BRE R HERE S KRR R AR IO N 1 26

i ATH TR,

B 1L BUS NI C R TR

SN S I REME S L Sr s
Wt A ST, S

I.FOR i=1 to n DO

2. 0"« argmaxS i ]

3. FOR j=1 to n DO

4. j* < argmaxS$ ;7[j :]

3. S, jl1 « Ext(S 7, T, T;)
6. END FOR

7. END FOR

8.FOR i=1 to n do

9. i* « argmaxsS 1[i :]

10. FOR j=1 to n do

11. J* e argmaxS [ :]

12. S, 1« Ext(S i, 1, 1)
13. END FOR

14. END FOR

o HS ) M AT I 5 ) T R I P 2 9 2, S AR TR, TR 0T S T e
VERE VS ORE AT, R SN AT I 0 PR R RAE 15 T SCA MR TR R ol ARt TR (%
AR RE IR S 7, TP I3, A3 4T T ) PR A G 15 947 SC AR MR, A T

SICIM:SIT'STI
S7C‘¥:STI'SIT

-8
i 9O \° g He
(T[] has

- O -

. and
SI T
STI

Bl 2 BRI AR AR v s R

B |
N

CM
S[[

“
5

AR BB AR N BRI AR Sy AHEE, S GV RRFE -t ] LU R AL 81 2 TR ) R R (H AR T
BN BIER AR S 5y, FEFE S M Rt 78 742 T RLSERLAS IRV AE I R BT A5 2 IR O AR K. W e FE A AR B PR A 384
T, RSB R S A S 7 ELEANSR, T LD B ARG 2 5 50 B A Y AR [ B R s GV, O HAR
W SO F R AR BRI I R AR A T 2 AR BB ASE 2 A SRS AETBC AR . Xy A DARS B A R 0 R R A R
AZHIBFAE, T L 7e 70 M RS 103 T ), 2t RS P B R AE IR . R, O SCAR RS ik 7 47 (K 5 AR S T T
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TR R R AR A R AR, T LA 215 SCACKRFAIE > 51 4 AR [ FR) 5% AR AR R S €Y
2.3 REREE

BE AL KL W45 B RS BOB TR MR SR TARASAL A TR, 36 rh KL 0w LA fek A e ) R B 2 A1
5B R A Z 1B B 22 5, T CMPM 453 5K ) Ll /MU P AN BEAS RS AEBERE 3 A1

o KL 3. KL BT T BRI AN 7301 (B R T, 45 78 P A2 FE AT IR (RS 4 A0 B, RE T HEKER 1K) KL 1R
J3 PTR] TR R A R B 2 IR) ) BEE

N
M-KL(A,B) = Z KL(Ail|B;) + KL(Bi|lA;) (©6)

o, 4, K0 B, FRIRHIE A RVAERE B (W58 i MT W5, M-KL RoRSETHEBEN KL U5, AU 3k 25 7 2 - 14
HIE R HERE S HAES WIET0 R B RIS B I M S M R SCARHE B E R D HERE S 7 SIS NZETT
FE M MRS B A Sl 3X oy 2, ol S R RIS P 38 70 3% FAL) RE R ok I A4 R ) (¥ B g, A
o3 ARG TARBL, WA A 42 7E s U R, B BUR R T

Ly = M-KL(o (S 1), (S ) + M-KL(0°(S 1), (S 7)) @

Hrh, o 2R Softmax #AE. [RIEE, ER A (7) VHAAUR I RN, 0 FH LT RERE () KL HURE 7359 29 R R RS
BRI HRE S 5, 5 A ] 3 R R B SRR AT B (W R S M N SCAR LS P E VR T AR S 7 S5 RS ) B A4
AP REL AR ERATT 2 (KU HERAE S GO . INTTD P /IS 285 W FROREL A1 B 2, LAIS B4 /N S 70 K £, LA % R
L,=M-KL(o(Sy),o(SS™)+ M-KL(o (S 77),0(SSM)) )
o PERIAPL R ULHL BT K. I FH B A B RS T 4 2K bR 5 1, AR [l B 1 22 ROBERFHESEAT 2031, — M bikp 4
S N ML SRR, AT L TR SR (T, y )Y 6y, = 1% LR T A i 2 MR, 3= 0
TR EUERISCARARITHL. 45 EMRAFIE ve € 1, FA JR SCARRFAE ¢ € T, I TCICAER W1 24 5K (9) FioR:
. exp(v})'F) .0
T ©)
! > exp()'E) A
e, pe R MU (1, T))Y, , SRR IR B B, 4 BRIRAIE L SOARRR AR, B2 215 2 (1 he it
B, B TR, BUREFE 1, 7T RE 2 AN VLG SO, BT LUK LS UU R 53—k 2k

Vij
qij = — (10)

iy ik
A3 (9) K EE B SCA TS ) IR b5 = 5 VG R, Sk A [R] AR A& ) 1) DG AR AiE 2 7 SE N3, 40 2K s 4 b
I T BUS B SCAS Ty Tl TH LR H T?TM’E A JRFFAE (R85 CMPM PFAH A (1)

Dji
Léyen = Zl 12, 1( Pi; g( )+pj,1 g( ¢ :_6)) (11)

e, pé R A R BHR BISCATT M BEE L. p, R A AR A SCAS B BB 5 i B2 I IL . e A
—AME/NEAE, T 1B L AR Z S A

X F 5 EHG SR R B R AE I VR BC LR A 2 (12) Brios:
F A\ f
pij=ZM st = tj; (12)
= o)) I |
o, pl e Mo, T)_l,)ﬁﬁ)%%*ﬁﬁ@ﬁ%&?éﬁ@@ﬂ%%iﬂ

A (10) FIAF (12) 7T LIS 2 R EEEAE X ) CMPM ia RAE WM A (13) Fios:

pl
Loy = Z”Z“[n, g( ) +plo g[qﬁe]) (13)
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CMPM #5228 H AR H P A5 L EPIAS R B RS UL, Ferb 425 20 1) CMPM 4 KA Ok 17 BT 45 10 ) e 28
UF 2 7% FLAT S 5 10 5 A T SR AR RS ). SR8 1) CMPML 453 2% 1 LA S IR P AR S AR 2 i) 1 e et 5% T I ik A 7y
3, BB IE R R VL RC R AT OS2 . CMPM. KL AT LA S A5 (14) Jross:

Levem = Liypy + LéIMPM (14)
GG AT RN KL B 200, BT R 24 R R A A X (15) Fios:
Lz/llLl +12L2+LCMPM (15)

Horr, 4y, 4 TS
3 ISR

3.1 SR

T B T Fe A ) 56 R AR HE AT AL B T VE AR B A SUTE A TT I3 T SO AT A h & s
CUHK-PEDESP"_ [ #:47 I4iF .

CUHK-PEDES %4/ /i BV R 31 [ AR VE 5 R R (85 BEAAT A AT 5555 B 2, el 7 s o SO 2 1 A
o AT N R E 5 AARRAT AR DIEE ) (CUHKO03M), Market-15011", SSMP?, VIPERPY, CUHK01), 3%
13003 MT A, B F 40206 3. hF#AN 3R E P B AT R B JAERMA AR, SRAIFE 747 N BRI 2 P
B 1 R 23S IS AR B R 4 skms, Herh I 2582605 34054 5K BT, 11003 4 id F1 68 126 45 SCAHE, BiFE1 5
3078 Tk F, 1000 4™ id Al 6158 45 3UAHEIR; MRS 3074 5K 7, 1000 4~ id F1 6 156 £ A IR, ¥ 455K
B AT IS 2 4% SUARHHIR, A4 SUARTHA 3K ) 23 At BEANKR PE S 9408 ANANIHI ) H1i]. CUHK-PEDES?"
J2 H IS T SCAAT A RAT- 45 10 o P PR B304 I
32 LWKE

A J59ELL Chen 25 A\ PR TIPCB 2k, 73 5 H7E ImageNet™™ EFiI 2545 (1 ResNet-50M VA1 I i} 178
TR BERT B4R I EUG R SCANREAE. AT i A\ BME B0 /NS 384128, SUAKES—H 64. Mk
A5 56 AN EUGSORNT. ZEIZRM B, T Adam ARALELRY, ST~ CUHK-PEDES %3 %, 2% X % & & 7 0.0009, 50
BT 0.1, REZERIE N 4x 107, BIRIILYIZ: 80 4. SPHi LS8 A, , 4, WRE N 1. 1bah, R /KT-5i
HATH R G R, BN ERAE 50% B LARENIEIS, . SC3 76 P4 GTX3090GPU EA# A PyTorch 347, A3CRH Top-k
FRAE AL TR AR R PG RIAY E B, & 20 B 1, 5 A0 10. X145 8 SORREIR, F70E H 300 i vh 43 G Hidk 11 B, EAR
AL (L HEATHE . W AR & A BRI AR ILEC I A UG, Ros i R ).

3.3 LTESIMAT AL L

W 1 iR, AT 5155 CNN-RNNPL NeuralTalk™. GLA®!. ViTAA!'S, CMAAM!", MIAM,
HGAN"®. Dual Path®™!, CMPM+CMPC™, TIPCB"". GNA-RNN!f1 DSSLPY4 77 skt 4T %} tb. M, GLAPY,
ViTAAU R CMAAM! V& 156 & P 10 J7 7 MIAU 7R HGAN 2y 36 735 3 Jy WL %) 75 7%; Dual Path™),
CMPM+CMPC" 1 TIPCB™'Hy J&F W 44 &5 ¥ BE T 1) 75 1%c; GNA-RNNURI DSSLEYJE 9 4 45 4 Ve it 53 7 bl
TR &5 & B 7 ik, AR, AR A 5 905 B 1 SN 572 CNIN-RININT VR 4% 7 %6 A4 Jl Atsk £ 7 1% Neerual Talk™!
HEAT S b BAR R, JET B MR 0 h, GLAPHE e VIR I BRI AR A O 8 SR A B8 Pl A T 2E 1) 2
2. VITAAUS W@ R 55 10 40 BE R, T — AN g 1l B 8 M 0 1 2 A AT TR 2% 100 3 1 i A5 g ek AR K 2 )
“F 2% I, AR R b A3 R TR o A b S JE R A B DX SR X B R CMAAMY M SCASTE R IR 47 3
JRERRAAT N Y, 0L 2 5] a8 PO 5 2 1) R A R IR Bl 28 AR FRAF K 2R 46 L. T =L 7 i pr, MIA!
P URAR T AN 2R E ) BR A SCAS 55 10 7 2%, AN T AL % AR A B B T 3 A S35 0 U1 25, HGAN VR F i
R I EMGRN SO [ 3 R b 6 1 SOAH DG FEE 58 09 PG DX Salo R B 1) i 0, AR MR T S (RIS A A DR 1)
FEHE. NAFSUWRH T —Fh el 22 I [ 38 N6 55 G R SO AE (10 592, ek bR SR R i LRIz 4 R
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AT RE 2 OB SOR O R . AXM-Net ™ it bR SCHE SO 55 3L S RO B, 45 5 RIS e = bl 4% )
SRR IE ML G R T I 2% 5 W) T 1R 772 R, Dual Path®™ o5 YR U4 S 46 AR 46 00 24 4 45135 b Ak SR s ok
SRE AN FUGARFAE, B2 T — 31 10 03 245 P TR RV BEAS Y IR A0 % 57, CMPM+CMPCH M T L
BOB VLR AR KNS BB 70 R, W& e MEPTASBES R IE B 0 A 1K) KL UL Jo B s 4 fERZs B 1
PSR IEREAT 2028, HE— 2D o A 2 ) (1 3245 B . TIPCBY e YU ME AR IR SRl L, 45 45 22 ROERRAE DG FE 1
JEAR, ) R 72 9 % O M B AT R4 (¥ BERTYY, 433 1 AN i ME RIS . TRIHE T I 28 G50 e v AT 2L
IR 7 15, GNA-RNNUREJ- [ M2 A 21 5 7 2 > SCAR G BB T ARALUYE, FH 14 L 42 RS AR A I 4 o
KA 2] DSSLIEHR T —FpR BEFRBEAT A 53 225 > BERURIHT 1) RSTPReid Bt 2, JLrh RBEAT A 50 2 5 sy
HURIAEAS BAEAS AR T, AT NARFIE A 73 2 1 A 2 i £ SR UL IE, SEBL T IR BEAT NI S DL IE. 55 4, P
5 SR 73 CNN-RNNEH T R ] T A S AT R B SO R (K 5 V5. BB e 180515 Nerual Talk™
S L Ol IA A28 100 4 2 A A TR 1) R ).

* 1 SHAMAT AR )T %EAE CUHK-PEDES (1 L 45 3 (%)

T Top-1 Top-5 Top-10
CNN-RNNE 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™ 4937 - 79.27
TIPCB! 62.44 82.06 88.23
GNA-RNN!" 19.05 — 56.64
DSSLPY 59.98 80.41 87.56
AT 63.23 82.76 88.97

T —RaRG AR

SEAG W], AT H AR ) DG R M 1 AT AR R VA A TR 3L SO AT AR R 308 CUHK-PEDES
I, Top-1, Top-5 LLJ% Top-10 &5 543 HIiEH] T 63.23%, 82.76% FI 88.95%, HLHLA A 1T 75 ¥ AXM-Net! 1) 42
T 1.33%, 3.36% 1 3.22%. ASSCHTHR 5 ETERE T W 4% 45 40 e v AN 0 WLl ) 2l b, bR s T IR ki s f
J7i% CMAAM" /£ Top-1, Top-5 LA J Top-10 45 RA35IHETE T 6.55%, 5.58% Fl 4.11%, 3K /& K 4 36+ J& ¥ (1 7k
Xof BEMGAT 43 1, AN Al G AR T R B0 bR S0 UE B, AR ) ¢ R AR HE AT AR R V0 T 2 U
REAE I LA BRI, 380 3o 3 R AL i S 43 A5 R R SR s, Bl KL B REAT R Ak, vk TV AE 1R S0 U
ST 5 AR LG T30 = ML 57, A SO 77 DO AR iR FH i 5 LR AT R pE s s A, B i
FE B AR IR) o A5 PR DG R K 401, T A5 P 048 G 2 T A R O RS A ) 3 AR T A R B K 0%, o ) SRR AR S
PR RIS ] R4 2R 24 B, A2y DA 2 20 B TE 2y 7RI R, S0 KPR BEH R B T I A6 (5 L b, DRI LG Ty
BUHI AL 7775 AXM-Net™I7E Top-1, Top-5 LK Top-10 5B FIARTE T 1.33%, 3.36% M 3.22%; 53T Mk 4
T BT VEAR LG, A SCHE A R VAN SRS A ) (¥ SEA5 DT L, 7] I 0F =51 0510 4 S0 AR A o CABR 61, 170 B 424 39
T 2B I I EICR, LT M R B AR 7 v TIPCBPYYE Top-1, Top-5 LA Top-10 45 H1 43 il 42
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FET 0.79%, 0.70% F1 0.74%; FH Lt T[] i 7R FH X 28 & K0 B T3 5 S LA 4 5 9% DSSLEY, BTty ik i i A A
WES T AT NFIE sedb AT 2 HITE s B Rk, ORER T UG 15 B 4544, 7F Top-1, Top-5 BLA Top-10 &5 543 sl 4
THT 3.25%, 3.27% F1 2.35%.
3.4 HELSIIE

ASLAE CUHK-PEDES #4fi Be AT 7 V8 Al s 56 DLIGAE B4 5 vE A 20k, SEIR &5 =k 2 fro. Jlad bhis
B ECR AR E BB P R, T TTT LIS AN SRS SR 1 R TR, SEIR VT T i R AR .

# 2 {F CUHK-PEDES ¥¥n 4 I, SBHL (1 il s 45 51 (%)

Jrik 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 - \/ 63.18 82.75 88.97
AT v S 63.23 82.76 88.97

o Bascline: ZEZE 171 % Chen 25 A B ) TIPCB, 2351/ ImageNet™ E il 254 £ ResNet-508* TF1 KB 15}
JFE TN ZR 1) BERT A AL I BRI SCA MR IE R R, B, I B RS BO% DU R S S AR B R0 B ARk
HE2Z TR) P UE T 73 44

© B+CM: 1% A3 7 AN RSS20 7% 1A 245 7] 38 ALY o AR AR B, 7 AN P AR A4 P 38 6 38 T A R R AR B 7 4
V5 TR AR P TR T R RS i) S Sy R o ) 2 S P R P KL B AT A0 Tl I 5 3R 2R AT L,
AT DA VTE A A4S ] 2 A A R S e P R

® BHIM: Z AR AR 7S AN WA Y VS AR P 388 7 3 A A R SR AR 17 S A0 P A2 D) 28 o 7 g S B AR, iR 1
H TR VAT A ¥ 25 o SR TS A P 328 7 3 T A R O JT A S HE R KRR T KL S AT 200, Tl 5 SRR AT L
Az, T APPSR P 88 0 3% T A R B AR B ) S R

T2 2 T LSS, 78RR (K55 100 T, Top-1, Top-5 A1 Top-10 HEE /3> 5 h 62.44%, 82.06% F1
88.23%. M¥N N IM BLELI, Top-1 $8A54R T} 0.76%, 152 Bk IM R BT I A4S Py 111 35 0 S A I 11 5 =X, mTT LA
FEATHEYE A BEUGORN SCARRAS P 9 (DR R, WmT U SRAS 208 B2 (9 A TR T 17 4 389 00 CM. A58 BT, Top-1
F RS 5 BT AT IM BEEUEESF, {H Top-5 5 Top-10 K& HESF T 0.41% FH 0.27%, 1 B CM BLHRLIE 1o 147 R] 48 44
FERARERE I 7 2, T HE A TR RS0 ASE 20 4 T B A A AV AR R R B S, W LA BSR4
G AR AT NG, 2 FIRAE A IM A1 CM BRI, B84 §ETE Top-1, Top-5 1 Top-10 ¥ik li5 4%, IER] IM
T CM AT L [ B AR A P RS 7] (0 s 7 B R, 75 BB I DG R AL 3k 2R
35 TARRERET

H T R TR T AR R SO IR AT AR R T T I RCR, FESCE 3 R T 56 F 4 N SCARHEIR (AT AR R 45
R GEUAE N BB R R RE LR, DARRRR S LEEZAHER, R REGH T S SCARRR
TS akAT NG 3 AT LA H, B 2 40 e R AR SR AP UG BT N, 5 B A AN 4b IR & H A,
AL AR ST 572 n] LARR A SCASH I8 A AR R O B A A R AT N EHE.

4 B %

ATCHR T FBERAR [) & R AL RE AT AR T 05, T B BSR40 R 20 RN [ B 2R 1A (K45 AL, A 23 57
RS ARE SOOR R, (RIS P R Py Jt R A S T T 0 B, 20 ol P 3R s B PR ) 0 R AT 28 i
AP R, T 7 AT RV AR R B T () 8 25, AR AN [ RS 18] (1 O AR L . SR B0 E 1 AN SCHR H KA [R) K
APEEIIAT N ZR T35 AT DO PERE, SRR IE AT R (R R R, FE2E T SCARIAT MR A5 IS T
IRIFIPERERDL. WT LATIUAL, BEAE B RS AE25 AT AL R N T (K8 2, AR AT R 2 (R AR SR A TSRS
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R RALST, WAL 2R A Ay A SCAT DU AR O T ARSI 78 70 IO SEHEVE BT 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 NSCAIAR: 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.

Hr % ' Rank ' Rank5
K 3 AT NRZEAE CUHK-PEDES i )JF L1 45 R, KR 45 30 LR &l Uk
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