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Cross-Modality Person Re-identification Based on Locally
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Abstract: The research of cross-modality person re-identification based on visible-infrared has attracted widespread
attention from the academia due to the need to build an all-day video surveillance system. Visible-infrared person re-identi-
fication is a challenging task due to intra-class variation and cross-modality discrepancy. Existing work focused on visible-
infrared modal transformations or global shared feature learning across modalities, while local features of body parts and the
structural relationships between these features have been largely ignored. We consider that the graph structure relationship
between local key-points is relatively stable within and between modality variations, and fully mining and representing this
structural information can help solve the cross-modal person re-identification problem. Therefore, this paper proposes a
cross-modal person re-identification method based on local heterogeneous polymerization graph convolutional networks.
A key-points extraction network is used to extract the local key-points’ features of the image, and then a novel graph convo-
lutional network is constructed to model the structural relationships between various parts of the human body. The network
characterizes the higher-order structural relationship information of local features through the intra-graph convolutional lay-
er, and finally extracts discriminative local features. The cross-graph convolutional layer in the network enables the transfer
of discriminative features between two heterogeneous graph structures, which helps to reduce the effect of modal differenc-
es. Finally, a cross-modality permutation loss is designed to better measure the distance of graph structures for the graph
matching problem of heterogeneous graph structures. The mAP/Rank-1 of our method on the mainstream cross-modal data-
sets RegDB and SYSU-MMOL is 80.78%/80.55% and 67.92%/66.49%, which is 7.58% and 1.87% higher than the Rank-1
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o, A X A — A 45 5 s W I 2% 1] 2 o) (R
F AT 7 B P o B2 AT el A EEAR I i AR
fIE [ 30 17 2 > AR 420 B (7 A B JE AR ). (B R B
B KA R fE , ol gE 2 Bl 4 75 X0 =
A 7T 5 I A A (AR AE  1EL 53 A (L A R AE 2 AR AR
(ELAQ R HE B B2 00T 4 R AIE . 422 IR S b SR, A T3 T
J7 1] 3E 1 N L (SGCL) 2, JLi A SR 4 R RFAE v,
FKA SRR AE W, DA R — AT S Pl (408 4 2 o
A). R R ERFFAE v, M4 JRRHAE W, 19 22 55, B A T8
Pl vp A X AR 135 Ay, SRS VLA, 1
Hadamard £ 0] D115 2] —ANfa s BB . S T RE
Yk, BRI AR SR ERERE v, ElA B SGCL 2 i i
¥ R 0[] ResNet ™ B 5% 22 250 . B R AR A0 R vk 1
FioR .
SGCLJZAILAZFRI/RANT
Vo[ fi( @ ViDL vr] A
Hor, £/ f A AR i )2
AL, SCCL 2 F 7R MR8 B P 45719 5 =22 [ A S Bk
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X1 BERSBRE(SGCL)

Hik2 EBEBECGCL)

Input: key-points features V,]r e foc,k €{0,1,2,---,K};
resnet feature maps V, € RS
1. //Initialization: Awldp as zeromatrix; A, as pre-defined adjacent matrix A;
2. A O Ay AV IV VeV
3. for k~—{2,3,---,K} do
4. VECONC(V,VD);
5. V=CONC(V,V});
6. A4, —ABF(V,~V);
7. VH(AadapXAlim@ Vi
8. VAWV k{0, 1.2, - KbV <V,
Output: fusion features{V: VX, k€ {0,1,2,---.K}.

out>” out

lim

2 1 A SRy SR AR AT 3 2 B A 1 B I O R A5 B
26 1 i B Oy AHSCARFAE , LAVSES TP 52 e, DT 45 21 B
BB RE . 50 — R EHS x, 7T Ll i = (5) 15
B HAE ERAE VE=(wf ) R P B B AE VS =
vy TR A
VS=F(V*) (12)

3.2.2 EESLEEERERE

fif DS AL AT N B U 1) ) R ) G B2 SR A5 P AL
AL FRHE DA RIS Z B 225 . fERNE
BUZ ARG T A S BS54 . X F 85
B ), T DO R fF BN — ISR A 20—
B, DUAME S = 0 SR R RRAE . BT 42 H I AR T
Bt #5 [ 5 FUZ (CGCL) B 78 3 28 A PR RS 19 5% g
T AR AE R 3 SR AR S A T . CGCL E WG A R AT AN
[Fi) A2 25 1) = P61 V90 7 T XA A ik A RRAE B A, 1 T
SGCL JZ A B, A0 45 — By &5 S 45 10 A0 B 40 0 25 44
FFIE.

AT L i A SRS AR A R A M 25 ] ) 22
5, CGCLJZ M fR an 5k 2 i . Hoi A2 i 4l
SERE EVREAE B R B2 DC TE 5 10 79 4 PR A, DE it
FEBR I ZEAA ] B0 P8 . B 5 B AR v e RE D
Y e RED g A Bl — A48 2 2 F—A> ReLU
T )2 10 B 23 18], 75 21 5 4 BRORCERIE VT e RED<C Fn
Ve REDCHyk il 2k 20 (18) Xt w1 v ik 47 &l T
B, 53 B8 IREELFE XD S B UG )RR VRV
ZIRT N OC R 56 K+ 11T RN B G, 5K G, & RFHE
FIPEEL G ZR . HR A U T DT R 4 X6 7 56 28 A —F R4S 23R
A F) A Hh, CONC FRim il 4EfEBE4%  FR %
TN ZE I Re LU P0G . ELARGHT 053k 2 firs .

e B (13) fis .

vesf (v u@vi]) + v

(13)
pou :f<|:V2fr, R Vlfr]) LV 13

Input: (k— 1)-th layer features{V® Oy ®) k) ¢ gA=€,

in?

1. //initialization: U

(K+x(k+1) S Z€T0 matrix;

2. U‘*O(KH)X(K”);

3. //build U from (V%D wE-D)

4. VEFR(VE D)V E—FR(VE D),

5. U—GM{VE VI,

6. V«—CONC(V, UV}

7. Vi+CONC{V\, U'Q V)

8. VO —FR(V)+VE,

9. V) —FR(VH+VT,

Output: k-th cross-graph convolution features

{V(/f) V(k)} y® ph o pN<C

lout>™ 2out Tout>™ 2out

FRURHE M U 2 i mT L' PR 21 41 1] 1 DG e 0 53
HERRBERK ARG R, LLUENIE ST RAEHRS
ZSAEE . IS, TR S AR B A BELYE: B R
FZRE ZHWERA RS E R . 6x — X
BEME (x,x,), 7T LGl 20 (1) 5 8] e 15 BN ¢
RBEFMEE V), BT B B RS RS R
WEVO R (14) For BB RERZ(CGCL) 5
& N4 B2 (SGCL) K, K4 A S-C-S I B BN 45 .
2 (5) 0] LIS 2 Hdm AR AEXT VE, VE) , ) 1 35 51 R 2%
FA) 4 2Rk

Ve=F (V%) (14)

(Ve vseN) =r{r[F(vEVE)]]  (15)
e i A\ P 4 AR O 468 4 2 BRI L o IE AT 4326

PR BEZHE —JudH R A B R L A it

PEREASHES R T EIDCC, 30 224015 75 2.3 17 3R

1 K+1
Loen= K+1 ];ﬁk[Lcls(v?CN) + (1 —/12) thri(v,?CN)

+;[’2XLhc_tri(vaCN):| (16)

Hol Ly (), Ly ORI Ly i () 2 SCAT RAZE R (8) ATt
()R E; B EE kAN SRS BT
3.3 Bl EHRL
3.3.1 BELESEX

Pt IC (graph matching) i & 7E P 4> 5 2 1> ]
(graph) Z5 14 2Z 8], HE 3795 550 595 s W O &R . FETT
SEHLAIL B AU, 1 DG AR 3 R TR A 2 A RN
(image ) Z[A], JHH A B SCHE R A VL IC O 2R, 2R ok A 4]
Bx, Mx, WA G, = (V,.E,)f G,= (V,.E,), Il
& UE Bl | 7E 2% 2] — A 48 IR BE U elo, 1%, ik
Uel0, 11" i — N n i &, 18 U, s v, My,
Z A fh D

PSR R DC FL Ak 2 =2 Ak (1) B e R DT
BC X 4, B 17 UG L P 4 1 PT D G- AR I 5 (2) S5 FEE
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JE i, U PRTAR B0 AR Ay 256 R EE S 4 L M ; (3) Sink-
horn SR fff | 4 5K i e A1 D O AR P U B R MR IR ]
K Sinkhorn 53 15 K5 ) 5K fif , AR 580 16 AE 42 4n &) 4
Fl

VR B M P g A RG50S 0 R RN BRI
SRR F], KR FUR TR RHEJZ IR . M e RMOHE 2
-y x4 R OE 5 A R L M, B X3 (i) < B,
(a.b) € E,MVCECAEE . MTHR LT
p N 4 pgen

T

M, ,=exp (17)

XA U 0705 S0, 0 AEE B o 4

BCE R 0. PRI, M A 235060 25719 R 39 RS 47
TMTARXS 2RI & 2 B 9S5O, e s TR P
U AT LA RIR N
U'= argmax U ' MU,s.t.|U | =1
U

T S 20 B S5 R R AR e A 31 T 97 5 A R
fia e v, DRI (17) 45 3] 16 255 R R B B 2 £
A =X (18 ) 2H A% A P DR ) A ] D 2 =0 Ak S — R H8 R
[7) £ . ] SR FH Sinkhorn 595 40 7 S 21 35 (14 HE 22 oo
KA. Pt BE b Tk A A BEHL AL RV EA . T
oAb e AL 5 T 3 (BRAE , Sinkhorn 1L S8 2 AT il
RS FH T o 2 g B TR B 2 2T I v . L, AT LAAE
FATRAL R b IS RREAG TR A U

(18)

G-y N/ e
/ ‘\‘ « s @ os|d
9‘ - e"P( ._EH::ﬁ) = i T ]
‘_’_’—f’*‘y\ ‘ 0o o= s
O 3|0
G=(V>.E) ‘P-fl I P (]
g @+ |0
t ¢ Dooo
B A
Input affinity metric Sinkhorn —rT
Fl4 VRS
Xt TR RS ERVE RS, Fe AT ry B AR R T EREXT B R

(AR TR) B3 7T 000G 55 2180 150 1Y A5 72 IS ] R
TGRS AN [) S 43 7] WG S 20 AU ) 00 A5 7R
JERTREHEIT 0. A] LU it 5 S HE 0 2% R Bl L, S B
HWRINEAI R T

L= (U8 10gU,+ (1-U8)log(1-0,)) (19)
Horr, U S I e BB AR, LAk 3T b A b 28 A2
R R — T NER, S UE=1, /W UE=0.
3.3.2 BIRKRRBEMNE

TEVNZR B Be , Jmy o8 S ¥ 58 5 P14 BRI 245 18 S A48
KRBT Ry

L=L,+u xLgen+u,xL, (20)

LA g g 0 AR B B AR AR, 3 3 e /M L Ok S 3] O
AIYIZRFRATAI R 2

XFFARLEE , 25 7€ T WO IR x FZLAMANR x,
aof B A B BB B mT LLAS BB AT — B R AE V) =
O RV = s i O AR RIE BB T — By

AR, A0 S
Sf].,xZ = K—lk 1 2 VBB Cosine(v]Ek, ng) (21)

FEAS B S BURFEXT (VN VPN 5 B AR B

S =a (£ - [pee-veen])) (22)

Horb || B ITH LB B 5, f, o CT 3 142 i e
JZ, 0 H sigmoid JLIG PREL .

oo 26 1 RE ABLBE R L o R AR AR RLEE 1Y 45 S0
A, S ARLEE 9 S8 o, S 2t B 7k
= (23) P :

S=(1-w)S’ ,+wS5Y (23)

4 KBERERDH
4.1 HEEMIFEM 7T E

R B8R A SC T IR A R TR S RS AT N E R
F I B 4 RegDB ™ I SYSU-MMO1"™ |- 4% Fe 41110
AL

RegDB /& H SRR AL R 48 R4 0 /N VB 4, R
H— 60T WICHAR LR — &5 AR LTI I A% . 3
ABESE B E 424 B0y, o A S04 104
Al UL R A 10 A 20 ARG . e B SR [ 16 ] B PEAS
PRI, FAIL 5 206 4~ £ £ (2 060 5K K150 F T 11 4%
Hi4x 206 4~ B 4y (2 060 5K FE ) I F I . 78 I3 By
Bt A WA R R B nT LG RS AE MR R EE, [H
A £ AMEE S B T 7 1 S Bl 2 G, Bk ol 1T e A
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Z 15 (visible to thermal ). T Rf 21 41 RARAE M 16 R &
1R TR N £ MG AR 2 (thermal to visible ). 245 K1Yy
10 R 45 51 RS TR T S s Rt HL
i1 LA — SR AR, Rk 1 T A B AR 0 4R AR Y
EH.

SYSU-MMO1 £ 5 f2 B A 84T N F UM A 2 AL
BEAEEE . bl R B 1Y) 4 4538 RGB R AL
2 IR BARALET R A . SYSU-MMO1 %48 48 41, 75 491
TN BT N BAE A LU AR R AL . B
I 287 628 7K RGB EIS A1 15 792 k21 A E% , KM
NN E S AR . DIZREEA 395 1M1 A3k 32 451 5K
E1% , Horp RGB E1% 19 659 3K, 2L AR5 12 792 3K . ]
AL B 96 M7 A, Hirb 3 803 RLT AN A4 YA E Wik R
FEM% , FEHLAMER 301 5 RGB EG S ER RS . Tkl
ML B UG S Ve R & R B B B, B B ok 10
UK BEAIL S 56 () - Y (B A Ry e 2 25 % . AR i HL bR o A
PR, s 224145 All-Search £ ZZ 45 2 #11 Indoor-Search
KrZA . X F All-Search B2, o] WEAAML 1,2,4 F1 5
TR R UL A LD ANBL 3 Fn 6 FH TR R4 .
XFF Indoor-Search # 2, B WYEEAZAL 1 M 2(ASHLHEE
B4 TN 5) TRk R R AR 2L ME B AL 3 Fl 6
TRz EURAE . R, 06 Sk [ 14 15 E B, 76
PAIE EZ A P (single-shot) 135 & T #EAT 10 IR AL 5,
OB B A

SYSU-MMO1
K15 RegDBHISYSU-MMO1 £ v i 491 el 4

TV D5 R B RE A R A (Cumula-
tive Matching Characteristics, CMC) . *F 2] ¥ J& 4 {H
(Mean Average Precision, mAP) 15 ¥4 2 ] 1 4 5
(mean of Inverse Negative Penalty, mINP) 1E & ¥ 1 #§
b . 25 — IR RS R B AT N B, CMC Y Rank-k U
i ) TR AR 2 A0 2R R B B RS AT R R
FIRESR . mAP AL AP B R R PERE .

WA AR SCHIAGHT B PEAS 46 AR mINP | e LA STk
(2] iy . X T — D ESE R B U RS, il 5k
— il Il — AR R B B HEA S0 N T2
. B AP RLIZAE N Z A B AR R 2 09 HE 44 B

Rk Z 00, DR I R Y T ff DE TC B HE 424 7 B p i TR A
NG TAER . #ES2 PR 5 b, T 1 A4 UG fic T3
#B I LA K Rank {8 . 11 H A7) 12 8 69 CMC Fl mAP
FEPRANFEPEAl X — R . A SCH] A mINP, £ 7 11
AR A SE M . mINP FH R A i Re-1D 533 3% 21) 5
VEECAEAR YRR, 2 SR

1 1< |G,
mINP = ;Z(l—NPi) = an?arl (24)
Horp RI™ SRR RETC BLRE A B HE4 O 8| G, | Rm R
Z- R/ IR INWEY @
4.2 LIGYAT
4.2.1 MM

Bl 1% HAE ImageNetJ:ﬂjﬁlléﬁ: [ ResNet50 E
XU 8 HE 5 I A% JE 28 0 4%, O I ok L 4 S 7 2 b £k
(GAP) B4t E . WEEENE . SBEF 18
R rp R AS 6] B, 17 05 DU A2 B T A S R
EW L XTI S Ok (47 ], T H— A E— 1
JZ (BN neck) fl—A~ 4% 32 )2, J5 1 % 52— softmax P&
B, NGRET 7643 28800 R = Te 4l 2 =22 (A1 R i —AN 41t
U — R 2 R T AR S e G A R R AT A
COCO Bdia £ 1 WU 4R HR-Net ™ | 3 J&— A4
PEG 2D S5 AR R | AR T 1 17 A4S S
FEXF Sk R X I8 1 T AT SR A A TR e AR B K=14
S JR O NN R N S A N
JIER .
4.2.2 IZGAT

FA T Pytorch ™ A SCBLIR A TAIFESL . FE VN SR
B L /N Ry 256128, B 78 104225, AR SOk
B UG B ML K- B R AL B A S (G b . R
FEBT BE, MYINZREE T BEDLE TN A~ B AR2E SR )5 Bl AL
35 HOGT B B 03 1) MAS T LG MG B M A~ 20 A LS, )
BANGAHE R KN K Nx2M. %F T RegDB B4 , 43¢
BESE N=8,M=4. %}F SYSU-MMO1 Bl £ , A SCEAE N=
6., M=6. Y Zrid 253 R BB . 56— B2 1125 2.1
T SR R IR 2 . AR X — [ BE P R0 iR ek ) R
H3.5x107, B2k 20 58 . 25 B BEUI 2k A o 2%
IR A — B BEUI R0 10 W 2 S50, 2 IR DI 2k L8 AR
P WG P 285, DA v 3] i 114) 7 XG5 100 5, HE R/
g 2NM , W) 4R 2 ) 2R 3.5x10°, 2 3 FAE 30 F170 4
S Ay SR 4 0.1 4% . AL 28 R FH B9 2 Adam. 244K
i 52 1 RegDB B, M Z 80 E 0 : 4,=4,=03,u,=
2.0,1,=1.0. %4 5N SYSU-MMOL B, #8250k
Wi A =2,=06,u,=1.0.u,=1.0. % 3+ L1 1 H py-
torch 1.6.0 HE 22 | python WL A< 2 3.7, YIl &5 2 2 {# H
NVIDIA GTX1080Ti & ik .
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4.3 5XRAENITEE SR

SR U E Ay g B AREAS AT N E IR A A, AR
SCBE TR 7 % 5 JLARIZ SR Y 3 37 7 A AE RegDB I
SYSU-MMO1 W44 AT T b, Hgs e 1 fn
FE2 PN . SLH e B A X HE 5 Y AR < 0 L ER B
) 1 HE 7 2403 B BDTR' #1 e BDTR', WU 25 50 /)
B D2RL X 55 (10 A BN T 9 46 3k AlignGAN'™
A Je 30 7 7 B AL IE AL L2k AGW'™2! | X AR 254 BY
2 3 B vk Xmodal ™, B S WE B I B A A%
DDAG™ WU HHAE IR A 1k CAFM' 5 4 X 57 3

75 LbAPY B A B 0 R A 5305 MCLNet ™ | B5 45
ARy NG )T VDCM ) SR 75 712 MPANet 7.

1E RegDB AR 2, ih THAE I, v WO EE S
ZLAMEMG Y S35 25 0 e/, BAT N B0 F RS R B
BRI RE R, 5 RegDB B4 48 10 5 B 547 A HR
S HE FE BAK . A SCHE RegDB i 4 | g 47 2 Fb A [ 48
FET AL 7 UG U S R 205 EHR (Visible to
Thermal, V to T) #2140 EIG 48 Z 0] W OE L (Ther-
mal to Visible, T to V)X . 45 77 15 78 W FhAS [7] D g
T W SR RANR 1 R IS s e gl

F1 FBFEERegDBEHIEE LRI R EE AN : %
. Visible to Thermal Thermal to Visible

ik Rank-1 | Rank-10 | Rank-20 | mAP | mINP | Rank-1 | Rank-10 | Rank-20 mAP mINP
BDTR"(TIFS 19) 33.56 58.61 67.43 32.76 — 32.92 58.46 68.43 31.96 —
eBDTR"(AAAI 19) 34.62 58.96 68.72 33.46 — 3421 58.74 68.64 32.49 —
D2RL"®(CVPR 19) 43.40 66.10 76.30 44.10 — — — — — —
AlignGANP(ICCV 19) |  57.90 — — 53.60 — 56.30 — — 53.40 —
Xmodal(AAAT 20) 62.21 83.13 91.72 60.18 — — — — — —
DDAG™ECCV 20) 69.34 86.19 91.49 63.46 — 68.06 85.15 90.31 61.80 —

AGW(TPAMI 21) 70.05 — — 66.37 | 50.19 70.49 87.12 91.84 65.90 51.24
LbAPY(ICCV 21) 74.17 87.66 — 67.64 — 72.43 87.37 — 65.46 —
VDCMP(CVPR 21) 73.20 — — 71.60 — 71.80 — — 70.10 —
CAFM"(IEEESPL 21) | 78.62 91.63 96.32 71.30 — — — — — —

MCLNet*(ICCV 21) 80.31 92.70 96.03 73.07 | 57.39 75.93 90.93 94.59 69.49 52.63
MPANet™(CVPR 21) | 79.27 98.79 99.81 77.61 — 79.03 99.22 100.00 77.45 —

AR5 80.78 94.89 97.60 80.55 | 65.76 80.48 90.33 94.80 79.26 61.90

I T ATE A SO AN R A ) 14 5 1 B
e T HoAh /B4 )i . %F T Visible to Thermal 53X, 4«
7 B (1) Rank-1 34 3] 80.78% , mAP ik 3 80.55%, 43 ]
It VDCM J5 32 & i 7.58% F11 8.95% , 5 MCLNet # HL 5
1 0.47% F17.48%. A 3CJ5 ¥ 1 Rank-1 Fl mAP T
SOTA (MPANet) , Fb 5 1 1.51% 112.94%. %f T Ther-
mal to Visible ] & 3 , 4% 3C 77 ¥ i Rank-1 4 80.48%,
mAP 24 79.26%. X & B R AT [ 45 BB R G AS (] A 17
A R B Y . R b, A SO AR AL 48 A5 mINP
- e MCLNet R B AR R , 55t 8.37%. X BAHH , ZE A% 3¢
J5 B R R 4 SR v, A A0 B R A T A v R HE A
AL . AR SCT ke LA TR PR R R R B Rl IR AR
HN T HEA T a9 A /N SO SO R FER R A8 X
BESAT NBIRCR T =

SYSU-MMO1 £itdli 80— KA BS54 T AN HH
EHEAE , £1 AN EUR AT LD AMRPLIAEE 75 A R 25
PR A . 5 Sk 14 ] B PEIN PR AR — 3, A S
AT AR 2050 GRS R 1T WG I, 76 iR S a
1 (Single-Shot) % & T #E4T 10 IRBEALSLER , Fe A SL IR 25
T8 10 RAL5G 19 V-3 (H . 45 07 48 SYSU-MMO1 £ 4

A5 B AOXT LLZE R ANER 2 BRI s Fom S L4 4L
N2 0] A SO R AE =R A DAL 15 bRy T 450
FE R T T . BASRUE, 7E All-Search B3R, AH
F T B2 2% 2J 9 BDTR, DDAG, LbA 255 4, Jz [
el FH B 2 2 R A OB SR B 1) D2RL, AlignGAN,
CAFM Fl Xmodal %5 , A< 3C 75 16 A B & 19 3 50 1 g
Rank 1 {H Al mA P {H 73 51 $2 55 33.5% F131.65% (BDTR) ,
6.07% #15.95% (DDAG) ,5.41% F14.83%(LbA ) ,31.92%
1 29.77% (D2RL) , 18.42% #1 18.27% (AlignGAN) ,
10.9% £ 8.24% (Xmodal ). [A]f}, 78 3C 5 5 1Y Rank-1 {8
B & LT AGW, B 19 T4 75 4% mINP b AGW $2 &
9.28%. A1 Ht SOTA J7 % MPANet, A< 3C J7 ¥ 7 Rank-20
A mAP &t 0.15% #111.76% ,{H Rank-1, Rank-10 & F
SOTA, X R UIA I ke B ) LA Fre i . 1
Indoor-Search #& 2. T 4%~ 3C J7 ¥ 1) Rank-1 35 1] 67.92%,
mAP ik #| 66.49% , mINP i5 ] 62.92%. 5 MCLNet J5 %
A8 1Y, A S5 B2 4F Rank-10, Rank-20 | B4, fH Rank-1
T mAP WA T2 07 v . H 3 PR R ) 2R BT 78
ANTR) A B2 T 3 I AR B 2T SR ms (0% A 3 4k
AGW 42T} 5.58% 1) Rank-1 43 % (3.15% ) mAP 43
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£2 BFKRASYSU-MMO1 HIEE F AL &5 RyfLL i %
All-Search Indoor-Search
Ik
Rank-1 | Rank-10 | Rank-20 | mAP mINP | Rank-1 | Rank-10 | Rank-20 | mAP mINP
BDTR"(TIFS 19) 27.32 66.96 81.07 27.32 — 31.92 77.18 89.28 41.86 —
D2RL"*(CVPR 19) 28.90 70.60 82.40 29.20 — — — — — —
AlignGAN®(ICCV 19) 42.40 85.00 93.70 40.70 — 45.90 87.60 94.40 54.30 —
Xmodal"(AAAT 20) 49.92 89.79 95.96 50.73 — — — — — —
AGWZ(TPAMI 21) 47.50 84.39 92.14 47.65 35.30 54.17 91.14 95.98 62.97 59.23
DDAG™(ECCV 20) 5475 90.39 95.81 53.02 — 61.20 94.06 98.41 67.98 —
CAFM™(IEEESPL 21) 55.23 90.21 95.66 52.57 — 61.26 94.19 98.24 67.94 —
LbA®(ICCV 21) 55.41 91.12 — 54.14 — 58.46 94.13 — 66.33 —
VDCMP(CVPR 21) 60.02 94.18 98.14 58.80 — 66.05 96.59 99.38 72.98 —
MCLNet™(ICCV 21) 65.40 93.33 97.14 61.98 47.39 72.56 96.98 99.20 76.58 72.10
MPANet*’(CVPR 21) 70.28 96.02 98.73 57.21 — 75.34 97.87 99.05 67.85 —
ARIT 60.82 94.36 98.88 58.97 44.58 67.92 97.01 99.34 66.49 62.92

BO) , A SCTH7 1 AR T 10.69% 14 Rank-1 4344 (13.75%
B mAP 80, ik e R A SCHRE B GRS Y
KRS 1A] 5 R 2] ik | 2 2 B 0 5L X 0 B i
fiE, 5 SOTA M LA S HA TS ).
4.4 HELSLIE

TH Al S B0 TR B 2 2 W9 R i e A T e R
S A 3 AR 3 TR 7R OR RN 2 T kT
T Z S5, DAPEAG FRATTHE 0% I 72 04 A1 2 RS
g3 (1) A S AR B B A 2, () BN B2 A
Rtk , (3) B EIEFUZ A R, (4) BIDEELBLER 14 3%
PE . T 2R 7E RegDB S0 45 1 UEAT , 45 B AD T4l 45
X, AR E AR

SO EE N 3 N IR B s e A . A
Se, FRATIIGR T HEZR v BT A RS R AE SR R 2k BB
TN RURRHE SR 25, o JU 42 R ReAiE v, T
W 3RG|1FIR, BRSSO ERAE SR BN 2% L S /i Y
— B RERRS RS T AR AR X R, RS
Re-1D HiRAG I — Sl 255 15 A B T4 T 5 2 1 M R
T R LA I 28 6 01 B T IR LB AL A 1 25k
P, RS T — B S A B IO | 33 0 A PP A A =X
B mAP 438053 R 5 T 6.32% M1 8.81%. bkl

W, 27 > DA AR 21 J 7 A b A0 AL R IR AT A T B A5 A T
NG B E SRR EN At BRE, dmT LU
SRR ZE R X WA T NSRRI A R . a0
RIMRG 4T PR, HBATHIMAR K& BUZ N, P
Ress i — A . R)E L RATY R TG RUZE RS-
C-S Z5 10 1) R S AR I 2%, & I I 45 P g A7 5 i — 20 4
Th xR WY FRATTHE A B AR 28 A IRy . O Hax
Sl RS SR E AR . BRE L EER T 6 T TR AT
LA T R DG JE A5E Bk A5 AU () 52 e L AR DE L S
Rank-1 #f — 54 85 0.5% , 35 3 T e A MERE . 33X 78 4MIE
B, AT IT A R A AN TR 4G 73 22 1) 2 AH
ERvNELR

AN, FATHE — 2D 3 A i B L A . PRI — 40
o, FRATHE— 20 A b T OCHE ATCE R T (Key-point
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