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ABSTRACT: An unsupervised cross—modality person re-identification method based on dual col-
laborative refinement was proposed using a dual contrastive learning network framework. It was
aimed to address the issues of noise pseudo labels and cross—modality feature distribution gaps in
unsupervised person re—identification. First, a pseudo—label refinement module was designed,

with the cluster centers of reliable instances serving as anchors. The module optimized the quality
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of pseudo labels by calculating the similarity between instances and anchors. Second, a cross—

modal bidirectional alignment module was designed using graph matching to preliminarily deter-

mine the feature correspondence between visible light and infrared modalities. It facilitated the

model’ s learning of modality—invariant information by constructing modality independent mixed

memory banks. Finally, based on the dual refinement of pseudo labeling and cross—modality

matching, a modality—related and modality—independent contrastive learning module was designed

to enhance the model’ s ability to learn discriminative features. Compared with the suboptimal

multi-memory matching (MMM , the proposed method enhances the mean average precision
(mAP) by 1.4% and 2.0% under the All-search and Indoor—search modes of the SYSU-MMO1
dataset, respectively, and by 1.8% and 4.7% under the Visible2Infrared and Infrared2Visible

modes of the RegDB dataset, respectively. The results demonstrate the excellent robustness and

cross—modal retrieval capability of the proposed method.
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Fig. 1

Framework of dual collaborative refinement
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Fig. 2 Pseudo label refinement module
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Fig. 3 Cross-modality bidirectional alignment module

P E TE 14 A R BT 7

G (w)= argmin C'w

stYieV,VjeRw; €{0, 1}

Viev: Yuw, <1 (13)
JER

Vi€ R Y w; =1
eV

P B w PR IR w22 m Fm) &5 VE L A9
Fobro Mw; = LB RAR T SVLHEL, 75 0] IR AT



2025 4

SRR, A XU A0 A 1 JG M B RS AT A U i 95

B ARERE C IR N
1

Cl,‘ = (14)
exp Ld (m}!, m})]

125 25 X 5 1 H s e A de /N AR Y AT AR R
ey A AN [ A5 285 [ 43 A 719 A B X I S AT A
) 4 MR A

I R 285 0L [ F S AR BROKE T DL S AR 25 1) 9 s A
CLAMEAS I AT — X — D, ERAT — IR
VCPEZ )5, G H AT Al BE AT AR R 4 2 X 56 2 A9
RATEL, MG ETA R E LT . B XX — ]

B, BRAHE AR A SR -, 56

HRPATHEICE . EEPITX — /R, HENA
RS T AL

e R U R o] S DS WA S COAVAR |
V2R, BB % SRt — B 53 T 2 AR
TR MR AR T 3 M F M, 4350 il A gl
Rt R AT R bR A, B

m® =nxm! +(1—n)xmh, (15

m™ =nxm]+(1—n)Xm,; (16)
e AR UG ANZL AN R U SRR A L
BB S H; mia 7R 5 0] WG R 0 A m;
VERC A 2T AP R 2K R s b, R 540N R
JE A g % 55 B A] DL R AL, 2 MR T
KIS F I AT, H oA MBS E B EA
FHTR] o B8 A5 285 0[] XF 55 BE % MREAIE )22 1T il 5 A5 25
()X 7 R ARFAE A A 5 B S DR TC A RISk AT
P TR 2 o) RS T G REAE Y BE
1.3 BREHAMESTXNITEES)

AR SCHE T Ph b 25 20 Ak RIS S 0L 1) % 5 43 3
153 2 AL T AL T M R M DL B 2 AR
TCFACAL T3 M2 R M, e TR S A 56 RS
BICKAI X b2z ST HEHR

XF 1 A 1) 0 T DL S e L A S ]
RS HH S 6T EL A5 2% BT AR oy

L =%, + &L, an

€, = —log-p Lo () m /e (18)
Nexp Lo (x3)-mi/z]
£, =—log fxp [ (wi)-m™ /7] QL))

zeXp [ (x1)-m)/7]

A R e a3 R 1 A S 2 SRR AS AR
KT F AR EXT; ¢ HIRE N T, BT
Xt He A g vl LA oR Ry

L =L+ L Q20
V)., 12v +
e = pog- oL ) mT/e] ),
zeXp [d (x) - mP /7]
i=1
Yy, v2r +
£ = —log—P L () m™/z ] (22)

Zexp [ (x)-m>/7]

A HEm™ " 53 5 O 15 A 1 S B AE 2 A RS
TC AL T B B TE X o A5 25 AH O IR 285 T8 G Xt
Fe 27 2] 1R H bR 2k sk EICh
L=Lu + AL (23)

b AP R BESAH SIS S T gL
Ll gh o O, /Y

mi <—um; +(1—u) ¢ (x,) 24>
Kb w hahid R« NS,

2 WSS

2.1 HRESTMIERT

AR SCR Tz A0 A B AR S AT N U 4k
£ SYSU-MMO1™ fil RegDB"™" 3 £ DCR J7 ¥ .
BB PE RE VAN 168 5 R HIF X E S (mean av—
erage precision, mAP), RVLHLHFAE (cumulative
matching characteristic, CMC) DA R J& 1544 )7 []
£ §i] (mean inverse negative penalty, mINP)
Hrp, mAPLE T AMHE BRI RKG B, M
R RO CMC B Rank-1, Rank-10 Fl
Rank—20 1F & HARFE bR, Rank—1 {4 B AR B K 2 i
A BARIIRE 1, ROMORS HEJE . Rank-10
Rank-20 /A BLAT 10, 20 A2 A& HAREIHER
S ] g AT bE 5 mINP D) 2R AR T AR AS 1
KYERE, RPN 52 A S0 1Y IX A3 BE T o
22 THWERE

ASCHE B DCR J5 7% PLTE ImageNet™ | i
251 ResNet501E b5 T M4 . i A GBI R
28814 % X 144185, I HAH T HEPLE 5L . BEL
BYFR L B AL AR B 3 S G R A4 S B B R T
Bro IRl By R FE AL & /N ICE S 128, SR
Adam optimizer fit fb. W 45 , AL E F 8% 4 0.000 5,
Wb > 3% 4 0.000 35, 25 2485 20 I
S 30T S SR 9 1710 725 — YR B g 50 4
JERAPY, 2R FH DCL AE BRI 245 780 Sfe 2 5 B 45
fFE o TR AU ZRBr Be i SO N, SR HTAS
SCEE Y DCR T IEYIZRBE AL, 2425 Sy gy ik B



96 K TRER 2240

55 39 &4 6 U]

BRB e BN, @SS E B E 0.5,
EHZH o WEROS, FHABMARE N4, AL
K Py—torch TR i 2% 2J 3F 75 S B DCR J7 2% 1 44
Mizty, i 44 GeForce RTX 3090 GPU #4713l
4, i 14 GeForce RTX 3090 GPU #4743,

23 SHEXAEMEELRK
S E— A AR SO R B DCR T 5 5 24
T B AT NE ARG Tk T e, B

[12]
N

ADCA (augmented dual contrastive aggregation)
DOTLA (dual optimal transport label assignment) " |
MBCCM (many —to-many bilateral cross —modality
cluster matching) "* | CCLNet (CLIP-enhanced co-
ntrastive learning network) "', PGM (progressive
graph matching) "', GUR (grand unified represen—
tation) . MMM (multi-memory matching) “"',
F1MFE2 59 ERT DCR LS LR JLAN 7k
1E SYSU-MMOI1 Fl RegDB #0454 |- il XF [t 45

Horr, metb g AR i, e g R T R
Bt o R LG 5 ik i A5 R A R IR e S0, # 4
KA B 45 SR DR i SR B A T R 2K
HE1IME2ALASE, £ SYSU-MMO1 il
RegDB $#i 45 I, DCR J7 i B9 46 K 22 501 58 PFAk
T AR T Al TP X ey 3k, MBS o A i
BESAT NERINGE ST, X155 THAERSZ RH
fiff 55 AR AU ) ) e e i A5 7 TR 8B, R AR
fat b B X AN [ 3 50 F S B AS R RAE 55 o (HAR T
R, F AT MMM J5 ¥k 1 £ 800k G A5 45
PRI AL, HAE RegDB £#s 4 111 Visible2In—
frared B 20, MMM J5 ¥ ) Rank—1 38§ b5 8 3 &
FDCR ¥, X4 H T RegDB $di 48 i ] — %1%
MLAEAR R B[R] P4 [ 20 R 4R 2 RS AT NEIR, RIS
] SCHREAE S AL, B, MMM J5 ik 78 Visi—
ble2Infrared B3 T, BE AL 4 AR 5 K 2 AR A 19 8L
HAE B ST WOGBA B EME L, TR AR

F 1 fESYSU-MMO1H#EE LBIX L RIS EF

Table 1 Results of comparative experiments on the SYSU-MMO01 dataset %
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JiiE All-search Indoor—search
Rank-1 ~ Rank-10  Rank-20 mAP mINP  Rank-1  Rank-10  Rank-20 mAP mINP
ADCA 45.5 85.3 932 42.7 28.3 50.6 90.0 94.2 59.1 55.2
DOTLA 50.4 89.0 96.0 47.4 — 535 92.2 97.8 61.7 —
MBCCM 53.1 — — 48.2 325 55.2 — — 62.0 57.1
CCLNet 54.0 88.8 95.0 50.2 — 56.7 91.1 98.2 65.1 —
PGM 573 92.5 97.2 51.8 35.0 56.2 90.2 95.4 62.7 58.1
GUR 61.0 — — 57.0 41.9 64.2 — — 69.5 64.8
MMM 61.6 933 98.0 57.9 - 64.4 95.0 98.2 70.4 -
DCR 62.4 93.4 98.6 59.3 44.9 66.4 95.3 98.5 72.4 68.4
F2 7ERegDB BUE&E FHIM LW R
Table 2 Results of comparative experiments on the RegDB dataset %
RegDB
J7i% Visible2Infrared Infrared2 Visible
Rank-1  Rank-10 Rank-20 mAP mINP Rank-1 Rank-10 Rank-20 mAP mINP
ADCA 67.2 82.0 87.4 64.1 52.7 68.5 83.2 88.0 63.8 49.6
DOTLA 85.6 94.1 95.5 76.7 61.6 82.9 923 94.9 75.0 58.6
MBCCM 83.8 — — 77.9 65.0 82.8 — — 76.7 61.7
CCLNet 69.9 — — 65.5 — 70.2 — — 66.7 —
PGM 69.5 — — 65.4 — 69.9 — — 65.2 —
GUR 73.9 — — 70.2 58.9 75.0 — — 69.9 56.2
MMM 89.7 — — 80.5 — 85.8 — — 71.0 —
DCR 87.0 95.2 97.3 82.3 71.9 86.8 95.2 97.1 81.7 68.5
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Table 3 Results of ablation experiments on the SYSU-MMO01 dataset %
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