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Abstract: Current cross-modality person re-identification methods mainly use weight-sharing convolution
kernels, which leads to poor dynamic adjustment ability of the model for different inputs. Meanwhile, they
mainly use high-level coarse-resolution semantic features, which leads to great information loss. Therefore,
this paper proposes a bi-directional dynamic interaction network for cross-modality person re-identification.
Firstly, the global feature of different modalities after each residual block is extracted by the dual-flow
network. Secondly, according to the global content of different modalities, it dynamically generates a
customized convolution kernels to extract the modality-specific characteristics, followed by the integration of
modality-complementary characteristics transferring between modalities to alleviate heterogeneity. Finally, the

characteristics of different resolutions of each layer are modified to boost a more discriminative and robust
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characteristic representation. Experimental results on two benchmark RGB-infrared person Re-ID datasets,

SYSU- MMO1 and RegDB demonstrate the effectiveness of the proposed method, which outperforms the
state-of- the-art methods by 4.70% and 2.12% on R1 accuracy respectively, while 4.30% and 2.67% on mAP.

Key words: person re-identification; cross-modality; dynamic convolution; cross-layer multi-resolution;

convolutional neural network
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sf 2 2 AL R A B S s R R, UL I 4% 1Y) Bl 2
W & B A % 2 U)(dynamic dual-attentive
aggregation learning, DDAG) A S 77 i B A B K
DL (2) B FARSCI AT JEBLAS 5 0 X i
RPN, [F I 5] A B2 2 5 PR AE
G — DR N AL, TSRS R B2
mAP S EAT BFEARTE 3) SR s
B K fF B M Jr ¥ (cross-modality
shared-specific feature transfer, cm-SSFT)#H kb, 7E
BRI E A BB EA VI RALR. BARTES
1R H A1 ID B £ 0§ K 1% (all-search, multi-shot)
WET, RICHERN mAP & cm-SSFT J7 ikl . 4,
#oH R EFT 9.2%, FHETE R R EAR RIS
AHIF] ID AN [R] R R Y HKE 2 teAh, A5 il Zrad
MR, CFFHEATXT B ZR R &L S TR I,
AT em-SSFT 5 vk 33k 2 v A 5 HH 4 Bl 4k
T MR e P
3.2.2  7F RegDB 4l 4E Ly c 50 4%

TE RegDB ¥4 I 0y xf b 45 R an 3k 2 fios.
LA e (1) TEig s ] OGRS R 2050 R L
L AMNEMG R T W EMR, AR SO AR
Tk BT (2) 5 SYSU-MMOT #5241
I, BT RegDB 44 i SRR AL RGP K
£, B/, mERUNPRER/N, A SO e A
P g LR
3.3 JHRRASLI

R T VAR WL IR Bl 35 A8 B RN 5 2 £ 4y HER
FRAE G AL 2 S A R, 7E SYSU-MMO1
BPE M RE AT, il e 50 R ITEAL &
MR RBE, FRNE 3 Fw.

XL Ta) 3l 745 58 B AL HR: B A5 B A% AR BRI ] 58
2 AT A, T TR 2 AR
TME (1) EEN 2 MBS RRIEX N 2, it
XFE R 3 gLl 1 5150 2 v LLE H, HHEEK 2 A4
LS ) AR AE E AT 0L 1) 38 B2 R R e I S RN B,
XEHTRESR ST A KM, HE X}
FeAg ol 4 51500 5, oT AR RZ A G, Mt
A7 X1 238 TR 27 i i A8 22 Sy b Bk (2) d X
Foe 3 HR a0 2 51500 5, 1T ARG IE AR AR Bl
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F 1 7ESYSU-MMO1 BUE&E L5 FRA AL R %
AR EAMER
WRES Bk 24k gk 24k
R1 R10 R20 mAP R1 R10 R20 mAP R1 R10 R20 mAP R1 R10 R20 mAP
HOGH 2.8 183 319 42 3.8 228 376 22 32 247 445 7.3 48 292 494 35
LOMO“8] 3.6 232 373 45 4.7 282 43.1 2.3 5.8 344 549 102 74 404 603 5.6
Zero-Padding!®®! 148 541 713 159 19.1 614 784 109 20.6 684 858 269 244 759 913 18.6
HCMLBY 143 532 692 162
BDTRE! 17.0 554 72.0 19.7
D-HSMEB4 20.7 62.8 78.0 232
IPVT+MSR#% 232 512 61.7 225
cmGAND! 27.0 675 80.6 27.8 31.5 727 850 223 316 772 892 422 37.0 809 92.1 328
D2RLM10 289 70.6 824 292
DGD+MSRPY 37.4 834 933 38.1 439 869 957 305 396 893 977 509 46.6 93.6 98.8 40.1
JSTA-ReIDBY 38.1 80.7 899 369 451 857 938 295 438 862 942 529 527 91.1 964 427
AlignGANE7] 424 850 937 407 515 894 957 339 359 876 944 543 571 927 974 453
XIV-ReIDB7 499 89.8 96.0 50.7
DDAGH¢! 548 904 958 53.0 612 94.1 984 68.0
TSLEN+HCH  57.0 915 96.8 550 62.1 93.7 979 48.0 597 921 962 649 698 959 989 578
cm-SSFTH! 47.7 54.1 574 59.1
AL 61.7 94.0 98.0 593 66.6 963 988 525 645 96.1 989 708 758 988 99.7 643
T LRI R0 LEUE 53 0 F HE 24 dm L FR AL 45
K2 7E RegDB BUIRE F5 X RFARIIELER %
. Al O R LS ER LLAMY R AT O EE
i R1 R10 R20 mAP R1 R10 R20 mAP
HOGH7 13.5 33.2 43.7 10.3
MLBP>2] 2.0 7.3 10.9 6.8
LOMO 8] 0.9 2.5 4.1 2.3
GSMB3I 17.3 34.5 45.3 15.1
One-stream(?”) 13.1 33.0 42.5 14.0
Two-stream(2°] 12.4 30.4 41.0 13.4
TONEB 16.9 34.0 44.1 14.9 13.9 30.1 40.1 17.0
Zero-Padding??” 17.8 34.2 44.4 18.9 16.6 34.7 44.3 17.8
BDTRBY 33.5 58.4 67.5 31.8 32.7 58.0 68.9 31.1
D-HSMEB4 50.9 73.4 81.7 47.0 50.2 72.4 81.1 46.2
D2RLH“0 43.4 66.1 76.3 44.1
AlignGANE7] 57.9 53.6 56.3 53.4
XIV-ReIDB7! 62.2 83.1 91.7 60.2
DDAGH®! 69.3 86.2 91.5 63.5 68.1 85.2 90.3 61.8
TSLEN+HCH4! 83.0 96.1 98.0 72.0 80.9 95.4 96.9 1.4
cm-SSFTH! 65.4 65.6
AL 85.1 96.2 98.3 74.7 83.3 95.9 98.0 72.9

V. KL T 485 5 B HE 4 e D A (e
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Fz 3 SYSU-MMO1 £3E RN THEHMSIE %

R WE ERERZHER

WO em sen apmmaks X MAP
1 x x x 563 552
2 x Vv x 237 252
3 x Vv Vv 325 33.6
4 Vv x x 58.9  56.9
5 Vv Vv x 59.8  58.0
6 x x Vv 60.4  59.0
7 Vv x Vv 60.5 588
8 Vv Vv Vv 61.7 593

TR EAE. (3) EE X 3 PR 1 51
B 4, Tk — 25 B UE s B A R B A R (4)
WX 3 BN 5 SN 1, AT LUSRIE XL )
SN TR H G . N T RS2 £ 5
R ARNE Al A B ) R, B A BT X
5L H N 2 224y PR AR AE fl A L, ST a6 45 SR 4
L3 gL 3 s, L 53k 3 IEN 2 X, AT
DLBGAIE B5 J2 22 4 B SR RR AR il & BB (0 78 2tk H
W, X 3 RN 5 SN 8, B IiE e
J2 257 R AR Rl A AR 0 A AR
34 HMXBERSHHR
3.4.1 TR 4 200 FH AL 3 2558 A H A Rk

R T 25 B UE R ) B 45 58 AR AT R,
16 3T M 4% ResNet50 i 4 A~ A[R] 2 (5% 22 50) 4351
SIAR S A58 A H AT . & 4 iR N TE
SYSU-MMO1 #4418 R BT i see g 8. 5
Yo zE BRI, R I IS 2 FRE (X 45 18 2 350 3 $ B
FIRRAE ) 5 45 AE 8 PR T B B JE 6, T e 2 AR AE
— SO E A OB, R 4 ATLUE W, (1) RUalsh
B2 HARBAE ResNet50 /i 2 )2 %A B BALH, K
A SO X6 9 46 7 2 J2 R HAUE L S 05 =X, mT ik
— D SR (2) BT R4 R RS B
%, H—S5 00 EASE, W sl g B e
W20 2R 3 2 G $ THRCR e, BRI, AR SOk HA
BB B 3 2.
3.42  FRERG T

h T — 2 R B 2 £ o PR AR IE RS A

*4 GETEERERANEBESZEERER %

2 RI1 mAP
ERRTES 56.3 55.2
12 56.5 55.6
$2 2 56.8 55.4
532 59.9 58.0

%42 59.2 57.5

b, a5 B G A RN R 4 PR R RRAE LR
A JZAS TR 43 9 3R R A (1) 22 43 2 88 O s AT 4T L,
TE SYSU-MMO1 #4545 448 AR R 19 5L g 45

mk s piow. wLLAE N, METHEMA T,
5 2 2 43 PR IE AL A 7E R1 Fl mAP X 2 Hifg xR
H o R T 2.5%H01 1.9%, TR R BB AT A E R
AT 55 RS S T pE S 5] AR AT 52 i A5
RIPERE. BARZ A T B a s, |
YIRS o JE 306 A% M3 m I i A il Tk
JERHETE SUE B, #AT7EA )2 8 B0y 1
W spf e R ot finmE S . H R1 A mAP X 2 TS hny
e F A SRS 2 22 0 W R AR Al A R 1.7%. 45
PR, ARSI ES 2 2 0 PER AR L Al A A B BE 65
PEBCE N AT ANRE, HIURE B

x5 BEIRSHRBFEMASARER %

7k R1 mAP
ERRTES 56.3 55.2
JEEZEE e 57.9 57.1
EZg s il 58.7 57.3
5 2 2 0 BE AR Rl AR 60.4 59.0

3.43 AN

kTR FE A A 45 R AR B AR R R A AL
HAYF 0, 75 SYSU-MMO1 Bdi 4 2 R T
Xt (&)Y A HEAT M, GERANE 6 iR, AT LIE
W, AR EZ A AR E, X e TR
X [0] 21 25 28 AR el i 455285 (] 1) Jm) 3 45 B XL ) £%
BT AN, SRAN TR T R4 AR BN Y
B, M TRKLE 4> 0.5 5 BB AR R OR IR T
R, DR PR AR T FF R R EARE T L= E R, H
T8 T W4 R A AR e L A5 B BR, o B 2
B 1455 0 i s ot 405

% 6 SYSU-MMO1 ##E&E 1 MEREHEm %

Ik 2 R1 mAP
0.1 52.6 51.0
0.3 56.0 55.0
ERNCES 0.5 56.3 55.2
0.7 27.7 30.6
0.9 1.1 3.0
0.1 57.8 55.7
0.3 60.2 57.9
A3 0.5 61.7 59.3
0.7 58.4 57.4
0.9 51.8 522
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4 _Q_:él: '\LE [9] Fang P F, Zhou J M, Roy S, et al. Bilinear attention networks

PR SCAR H — ol T ) 5 A2 AT N TR A XL
AL H IS Ik, AAERUR T M4 3 32
AL AN J2 2 73 WA RFIE Rl S BEH 3 411
o, XUp 3 25 58 TAR B A FRF AR P 1Y) 4 Jsy T 2
o 2 AN [) 2 ) A B A AUIEL A R, AR B AR Y
R, TR A RS RS R A (5 B, IR
B O FAME BAE 2 AR (] AT 00w 1% 3 L
LIRSS, R 200 ER R AR RS B
PRI 46 2 094 R A BEAT A, AR 5 &2 2%
AP, SCIRE RN, RSO ERER . X
TR AT NE U, B RS AT N YU i ik &
SERH PR, A0 22 i 5 25 22 S DA SO R R
8L B A A JE 15 AL A T A O B ) A, R ROk
TARRE k.
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