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Interpretable Attention Part Model for Person Re-identification

ZHOU Yong“? WANG Han-Zheng"? ZHAO Jia-Qi** CHEN Ying"?> YAO Rui"? CHEN Si-Lin"?

Abstract Most person re-identification (ReID) methods only use the attention mechanism as an auxiliary method
to extract salient features, and lack of quantitative research on the attention degree of person images on the net-
work. Based on this, this paper proposes an interpretable attention part model (IAPM). The model has three ad-
vantages: 1) Using the attention mask to extract component features for solving the problem of component misalignment;
2) To generate interpretable weights based on the significance of the components, we devise the interpretable weight
generation module (IWM); 3) Salient part triple loss (SPTL) for IWM is proposed to further improve recognition
accuracy and interpretability. A series of experiments are carried out on three mainstream datasets, and demon-
strate that our method is superior to the state-of-the-art methods. Finally, a crowd subjective test is used to com-
pare the relative size of the interpretable weights generated by IWM and human intuitive judgment scores, which
proves that the method has good interpretability.
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E L R s R DN AN IS VDN S
P HLAIRT BB AT B AR RS, (£ — e F2RE B3 i
TAT NER BB R n] e . R 07850 AW
ANTTIH, — 77 O EE T HE A AL (v = AL,
FH R 2 21 S AR R PN AR R AIE ;. 53— T TH 9 HI 5%
FER AU A AT NS DL —Fh oA i B
FORAEE = ). AT AR R B AT 4 T BR
i A VPl R 4 B BE A A R 3 GE A 1
FURMERRAE, HH TAT ANRESIMEASA—, 23
AT BIAXT ISR, SR Ve, Hoo AR 1A
BARNEGHINEIRE RS, FERESHEICZE
I 288 S T T e X3k, DRI B 25 ) 2 >0 310 0 P 1)
FHEZF R . H BTN BRI 70 HF R BAIC, AT A4
T () Jo B AT AT L2, 25 T 34 PN G )2 DX 4% (1) i 3 2,
BB (RS R R T S 5 D AN ) I R I 2 S R
1)y 213y (R X 4%, 5 ] DAAE I i A% A S B A

EIRTFEL R E BN, 24T N B
PEFRFIE, $emidr NE R B Rt pe . (HIAA 25 TiE
BB AT NE R TR E N A R B %,
TR B A Dy 9 2% 4 B 25 ARG AE 1) 4 B T B,
TCVE AR N 2% B 0 X332 73 I 25 1 I IR
K207 F o nf A = FRg e R e
P21 SRAIE B L4 tH 03 3 R A Ak, BT
N BEHGORT X 245 i H 445 SR s e 1) = A A

ASCEET BRI AR, T — T AT
BRI T (Interpretable attention part
model, TAPM) 4T N FE IR T718. ART71E52 33
R [16] 3 A, F I & L] S AT N AR AE Y
FEE, R M, AT DA 4 ER AR AR ) 2 2 MR A
AR, DA 9T N B R S A% 147 A8
A B S 25 M T, AT R BT N A 5| S A A v
(RRFE, 32 m IR L 5 SRR A (1 ] Rk

ARSI ZE TR RS LA T T TH:

1) 2 H — P ik T 0] AR v 2 0 S R A AT
NEARAT7%, 1% 70T DO = I pL S R
TE PRI AR RRAE, RE0Hh, w] DU R A 1)
5 VERR T AR BT BRI AR IR B 2
IR G AR PR, AT S AT N R
R AT ARt

2) $& H — MBI B AT A E AR AR R (Inter-
pretable weight generation module, IWM), %11
BRI 5 B = e Hi 2k (Salient part triplet loss,
SPTL) iy 21 vy iy [ 1 S I 25 K 4 i A5 28 R AIE g
ST fEREAE.

3) £ Market-1501. CUHKO03 /2 DukeMTMC-
ReID #4ii 4k b AT SR IGAE, 20 HIEH] T 95.2%-

72.6%- 88.0% H) Rank-1 #EffIZ, =TI 4t T &
KEBINA Tk RSCEBAT T — TN,
H 32 I PP 5 S5 A B AT R X L E B A
Tk A RUF ] R

AR N T 8 1 A ] RRIR T
S RAT NE ARSI BIA S TAE; 28 2 A AA I H
(1) 5 T AT AR R 3 0 BB A AR A (1047 N EE AR I 7 T
3 WA S B SIS WA BB 4 TR gh
AL TAEFE AR TAE AT R,

1 tHxIME

TRBREY ]

AR, TR 2 2] s ke, AH LAY P Y
BAT A, ARR RS AL I R B S L R
0 HE R SR T B A S AT SR R . R e, AT
WHREKETRELE, & B, vtk s5,
KEARFEHIE, KR LAMS B — MR e = TR
P (PR BE 2 SRR X AR AT UR AR RIS
2 TR YR E RN VF 20T N RO IR T 2
IR 5 NN FIA S &, DR B = 1 dLim 2 4.
H BB X R 25 2 AT R ST A L R A DL E 4
AT

1) ATARALAG B 25 ) 2%

BFF 50N D38 e v 5 AR BT XS L4 48 G [ A
T S LB B AR P S S 4% T i, W] DA
IR U Hb s s 8 28 nT AL, B B R 5 N R A1)
A ALTE SOME & IBE Rk, B0 2215 2 MG 4 2R
T AR DXk, X AR A () R AT ARRE . SCHR [17)
0 I 0 L o P SR T f () IR A RE, B
AR R BB — M AT E (B R). 17
B G ) L BRI Fhor vk a] LIS 2 G 4y 2R 0
TR DX, SCHR [18] & 4 JR A4 v Ak 1) 4
L% Ko G 43 AR o 5 B 1) A TEE E T I BLER
B, T84 R b Ak 2 1k B AT (1 IR,
SR G AT R, B RT S o 2R )
A

2) W% 45 K 518 AR BRI

Szegedy 1 K BLIR E IR #0248 0 45 H 18 X
5 B 5IRZE M 485 18R 58, SCHk [20) 4T T
I 2% PN 2 FEURZ 5 AT A0 T8 SO 0 B2 (R RIE 9, A5 FH R
LR MR AE FERE AN R L O L RS Wb HE AT 2R
FE, Bhidke B w1 R A0S X4, 1HE 508 SO
VR Z R AZ L, A8 26 A 5 T A S
NP SA

3) R 2 RN 2% [ BB R A Ak

1.1
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URSR — ANER R 2 SRR R AT AT R, R4 P
SO T 5208 45 R A RO L% B I R, IR
AURT DUR St X 0 SRR A B S M0 AT R AL
FRRI IR . DR PR B2 [0 4 A2 TR 0 T g o T A A
MDA 7 B2 S SOk [21] R 7 — AL A
T AT AR TS i, O VE T DA A T
MUY 2 R R oK. MR i TR E R T
BELE U, AT DA B AR B 5 % U SRR A
TG, IR 12 3 R~ B0, 28 TGS 9 2 A0
DRAE S H AN P 25 2K L

4) TRREVERLR T 5IN

5 EIRITEANR, BTV FF A AL TR ZRET
2% TR REAT AT AARE Y s, TS A R 4 TR N AT R
REPIE IR, RIS R AR B
T OCHR [22] AP E g T RS BRI N T
9K, AEAF IR 5 18 BN LR 2 1 H Am R AT
1 6 AL R AT RN 3 s 2137 I ZRid A2
A UAAME HI AR PRIC TR SR e n] il e 21, 753
e 2 AR OGS L AR SE 1 SUBES.

1.2 1TAEIR7

T NERBME AN — B R 7 A, B
TR IEAT N BUG e 5 )8 TR —47 N, BB RE S
TR R, A7 NE R 0] /R A S8 2 1 R AR
B R, MBS (Convolutional neural
network, CNN) 7] PLSZIRAT NRFAE R H L, AT
N E RIS 1 Be15 2 H SR Tt

FETIRE S )BT NE R 32, AT DA% I
2177 o W BT SRR A ST U7 VP A T
oA S I TR 2 BT R AR A ST AT N E R A
TIE IR R B PI AT AR AHAL VR A0 H
b, T2 AT N AR 0] 3G A — AN 2K 0] jiR A
Ry, B —1RAT N BRSO\ 21 28 rh SR BURRAIE, 42
o4 R AL AR [ Bk N R,
softmax 2, H softmax I B 445 287K K& 1
S TR0, B AR [ 0 2 SR AN AT BRI E
Al —47 N SCHR [23—24] 58— M7 NH S 241
3RS, FSRAT CNN ZEATUIZk. SCHR [25]
AT N AR v B e 2k, AT N S ik
SEGERIIGR, SR 2 iz AR 7T STk [26] 12
HAE 321 X 485 5 38 D0 3600 1~ P 48 F1 0 2R 1~ X 4% 7]
PS8 P 362 31 453 2 R 7 28 451 2 o) REAM A5 B BE AT 1
CEINEY RIS

FET R AT NEIR BT iEE S CNN K
AT NAHFAE RS BURFAE 1A b, LUBCRRAIE ) B AERRAIE
AR EE B (49 40 BRI BE B Bl R 9L R ). A

gridisrh, Wi &M EERUR, 53— EIG
5 RHAIE 7] & 1R B FE U OC R, (S ARHE [R] — MR
[B) ) A 8] B 3 BOAT NARFALE In) 2 36 R ] e/ ) R
B, ANE B AT NRHE 1m) A A6 AT e K I BE ES.
SCHR (1] A T AR 5& AR ARLRE A — T Xl 22 SR 3 AT E
). R [27) R R ER A I g, S A
X B A3 2R SR bt o 28 B AT AN, SCHR [28] X =Tt
TR BEAT T o5k, $2H T it E M = oA R (Batch
hard triplet loss), {87 FH #F B8 #5178 (1) TE A5 R AR F 2R
B BT R UG RE A AT R T B R4

B PR IRIE 30 T A AT N EE Rl 1) R 13
BOCH ) WU E R R B R
PEFFAE. QAT RS2 H T 91 ST EAT NS
PR DI SCER [29] Wbt T R 2R N 4% (Spa-
tial transformer network, STN) PA$ZHUAT A & H04RE
fIE. SCHR [13] AT N2 3545 B AR v = Ay
FEWAT N R HURRAE, I Ae A 50 Ab B4 ) j. S
R [30] R HH 7 — R B R ST 4, ARk
PR SR R BUZE T ) R 3E B SOk [31] A K
BRI Z M 2% (Long short term memory network,
LSTM)® fg 7 —ANER AL, Hk 2 HEE
&I

P BT E R DUKE, H AT 7 A A )
e VALK NN 2 CUENET SR STE SRR 1)
FB, TR 28 [ 556 Jm 38 X 382 15 42 2 1 A
Wr. tbak, B LT R Gl I AR T
T 0 AR AL P o) v R R Y R AT B R, (R R AT
N BEAGOGT I 248 A A 4 SR 52 o 1) = A 9T, A A T A
BEPERL GG I ). AT DL B A 3R AT R
RS L TAPM, 12 A A N RS 7E 2R
BRI R R P VR B, DAIE A 2% H
L 0P R AE 2 2 1 ) H W, R AT N B U AL
AR

2 ETAMBIRNTHEENITA

BIRANFE

ARSI T R R B EON A A AR A (1) A5
A EANet!" B0k o n] g v 22 1 Il @, vl g
PR SRR TAPM. TAPM 3RSt tn & 1
7. AR AR R R SR (Part aligned
pool, PAP) HEHURI AT i BEAN B AR i, 1 10k
A X 55t A [ R AT PR ST — AN R
EIZ)R (Part segmentation, PS), Ji/b NA&EBA4E
Z I E B RAE. FEARTT T, RN AR IR E
B EANet i) PAP B PS B, Z J5 4R
SCHRE B AT T
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Fig.1  Structure of TAPM

2.1 PAP &5 PS &k fi = maxpool (M; @ T) (1)

A3 ResNet50™ /E 2y T+ M, # R
7y 384x128 B HAT NEIR 2 #i A ] ResNet50
B8 Cx Hx WHRIZ=4kskE T, Hh HAM W
Rk BN EE R ST, 2008 24 M 8; O
ANTK R HIETE S, 9 2048.

PAP b 32 ESH NARFHE AR 7] 7> 5, Huang
I FE COCO (Common object in context) F#E
B BTG T — SR8 AR IR F SR BN AT A\
ER AT N BRI 17 A e s, AT E Az 9 4
NAREAE, AFE S BT FIRT KRR, /MRS B
e THE &H. EATNED, MEFREA
B PWENT, N EETIRION K BT FRKF
KBRS /NS BRI BB, Ak 2 Pk,

2 B EIRERE
Schematic diagram of horizontal split

Fig.2

M4 X 26 E7E ResNet50 i ok & 1) % B
Rr B, E REE S B 7 /IS M, € ROXW 3
Fiie[1, P, M; o5 U0 TE S S 3R,
PR AL E LR N 1, HA A E RN 0. KET 2
i PAP B, £3B0R 4B P AN RHE 1)
o)

Hr, fieRY, ie [1, P], mazpool fR3R 4 JRithib
BAE, o RRBETUHETE.

PAP BEHOR K& T Km0 B P A5, &
oA R AR B P ASEAT R RE R B fy, - fp.
H A — MR R B S A JZ (Embedding lay-
er, EM), fliRANMBARRIE M R K E H 2048 &2
256. 153t &y

€; = 4i (fz) (2)
Hrfi, e, € RY, d #ow 256, g; v EM X5 ¢ AN
PEIEAT I A R

TN S 452k LIP SR F A8 Omg i3 2. AR Bl
GEAT K MT NS0, 46 — KRy B A
KB o, ¥R o 58 o MR IORFIE R & e SN
KRBT — IR ERRAE, 2T & 2; = [z,
2y, -, zi] € RE. 43T softmax BEALFE, 153
B TN i NHETHE (ke l,2,3, -+, K)
MT NSO RS, B

Uk = ;Xp (zk) (3)
> exp(z;)
Jj=1
i NE RS PR
K
LP = = " ylogy (4)
k=1

BRI B A5 Z FRLAZAT NI B 42 %
L°. i T ARG LA e, — 247 AR
o Sk 2 BE RS, B A — DA HER D
vi RER SRS M BUE R B v =180R
SRR BRI, v = 0 KR BRI IE 0 A
AL AEBEAT AR X TR AR I, R AN AT LA AR
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TR EBCE AT E, /TSR, ]
WL AR R AT N B3 150K R HUE U
P
L' =Y "Ly, (5)
i=1

Hrp, v € {0, 1}, R MM ATIE, P A
INCSHELISE 8

FESEI0 R R B, BT PAP BB EH AR AT
A TR AR DL R A e, BB AR SR R T 2 AN A
A R HRFAE, T B4 X 5 A RCR AT IR A R
N T FEARA R A (8] ) TUAR FE, 7E ResNet50 HJ
convh MAFERE, BIFk&E 7 39N PS BEHR5RL
AT S AL RO

PS B — B KN 2 K3 x 3 MR BIZ
KA1 x THPBERZAER, KERZHT LR,
Ix 1 BRER TR RN KT, 7 2K2K0 6
8 25, Bl B Sk IRF ATE . JEE L KB,
B RS Cox H x W ik T Z&5d REHE
2, BEINST N d x 2H x 2W Ky alsk &,
sk ERMAR L x 1 HERZET, FEIRT AR x
2H x 2W FEE SR U, Hod, R RN EHL,
WEN 8, 8 MHIEARR 8 NI RLE R, FEE
B HIE, PAP BLHUKF S B AR RIS AE, B )5
AT NABALEE I oF 5. 17 PS BEHEAT 134 4>
I, AN T I 5R PAP BRI RAE 1
PR R JRRSERREAT 0 #, Mtk E U
AEAT NARABUEE ) A 4

W4 PS B i BHE 5, &1 H COCO
R AR TN ZR 502y BB AE 4T N Bcdh 4 b 2B Bk
W2, Hr DidRE i 3 s,

Bl 3PS BLHLE A b 2
Fig.3 Pseudo-labels used by PS!

WKE T 204 PS BIRGRTWIN U 25, tHHRHE
SN RAE B o 73 BRI LPS. 3853 3 142k
O RARC S W

R
LPS _ 1 LPS 6
r=1

K, RFEREDES (BFEER), WENS, 5
B SCIAL LD RN 5 r N AR R S
AT SR AT BRI Jo R A T3 G 2 L6 7
SR K S EA ST 2, 2k, B
THIAR/IMEATS S5 A P PEAR S 2

2.2 IWM &

S LR AS IR PR T HL] RS PN AR B
ik, iR R [ 5 73 U RB AT 73R A7AE (AN RS 55 7 .
B TR S MG B <R T BN, ik
BRI 2% P T AR F A S 25 R L () B, BEAMT
PN PAG E i DI = G D we ) LTF S '
T RT DA A1 S 25 M R R SR A T R A
AR R B A et B, S5 4 o,

e ]
FC1 FC2 softmax
e ]
e
e

K4 TEEIBCE A R
Fig.4  Structure of IWM

IWM HBA 4 E#E FCLL FC2 B —A4
softmax JZEH . IWM ¥ P AR HES 2 f5
FRRFAE S B A BN, B 2845 BIAEAS B0 1) AT i A
R

T ERTMEERE, LAl TWM IR 4 Rl e
73, ASCAERE A = e Rl {3 al 1) B H — b
B2 A = u i R T TWM il 4R, SPTL
SO JR A X = o5 Ak o IE SR AR B B B
75 3 I B AR R A 2 T Ly PEES, 57
LR TWM AR R B EE AR 3 45 21358 14 2 18] AL
EEE g, s (7) Ak (8) B,

da,pos|i = posgllé‘?‘{wmwa\iwposﬁ”eaﬁ - epos\i”2
(7)
da, negli — min wa|iwneg|i||ea|i - eneg|i| |2
neg=1, -, (m—1)n
®)

FH ais €poslis €neqls 5 BT AR TN
P {5 B J% 190 A 88 & A B B A 10 e,
ot Wnegls 175 i 2 L. IE 91 P12 L J%
BFERS0 § AHEZeit TWM A RETRLUE d, oy P
G egls 2 FE TR K B 5 IE BP0  5
5011522 AL R 5. 3 A B 35 0 S e 51
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AAZIRARAE . X B — DA HEAT R B35, sk
(9) P,

LZSPTL — max (0, da,pos‘i - da,nefl\i + a) (9)

HA, a ANRNEEMSH, MR EFEANEZY
FREANTEE B A Z /N T o, MISFAERK.
BT S A 453 2 (R R Sy e 28 1) S 3 3 A = e i
& ISP = (10) Fiow.
»
ISPTL _ I,SPTL 10
; 5 (10)
i SPTL % IWM BT H &Ml 4k, #7538
A58 B = JC2H N IR SR AN BE R 5 T AR, R,
T B2 34 = ek, TWM ¥ 512 3844 A= 1%
BORBUE., ARSCHRH AT RS 5 Tt Ak SPTL
(RS A A S 2 T A, B I I R T AR
T A AT N R BRI X A7 N PRI S 3 1 1 Wi ]
DL, $5E v R B 2 S B () ] R R A
AN, FE = et R A A R AR IR
TREAR Z [ PR B KN, & % BB A A
MIFEES . s T IE AFEARXTEE & 0.3 A1 0.5, BLK
IEREASTEEES 1.3 M1 1.5, #1234 0.2, {HES 2
P 0 IEREASKT 22 8] 0 B B8 5K, i A A4
I 5 R A JE V0 PRAIE TE A A X 2 (8] () B8 RAT g /).
PRI, AR A FH H O 458 2 B S ) B 25 STARR AL AN 28
SFE AR 23 18] H ) AR O 7 B DA R AR AR 26 S )
S s ST (VA= 0 = N T 7% N b TV AN TR
2. BREAN

C 1 Z 2
L :§Z|‘fj_cyj||2
Jj=1

Horpr, oy R 5 IR EBEIBRAE, ¢, RIRIREE 3, X
RLE Gy, f; R — MG 2 5 84T N EHR
FIRFE, B A Batchsize, Bl — &I ZrAd H B4
%
BT DL B R AL, v AR BB AL ()
SR RET LR IR N
L= L4 [PS L \LSPIL 4 grC (12)

Hep, LD REFEGHFK, LSPTVREFEE I =0
Bk, LPSARERIBAr or Bk, LOARF A OHK.
L0 LIPS R B g ¥ B8 Sk [16]) BN 1 K&
0.0005, \ fR¥ESZIG 45 Bk E N 1, LI T ES 3
R IR,

3 SEWRERSWER
A% e A 2 S e 5 B S BT i

(11)

FLRARG A SCHR 59 5 A S B 2 R R BILA 1)
St I IRAEVE S L BEAT LEARSE IR s AR R A SR Y
(RT3 EAT 22 LT Rl S0 s 5 g I 4 i 3 0 T i
B RS R EEAT LR

FWRE

AR SEI6 A R R A 3B LR 1.

3.1

F1 TWRIE
Table 1  Experimental environment
IR I [
ST Pytorch
B NVIDIA Tesla P100
A7 40 GB
BAF 16 GB
AT S HOE W 2.
Table 2 Experimental parameters
INEBRS (18%) 384 x 128
B 100
AL SGD
B 0.9
BUELER AL 5x 1074
Batchsize 128
B = IE K o 1.2

W 2% H K] ResNet50 #1465 21 %4 0.0001, 1E
gt 10 IEMRE, 212 H 0.0001 £ 13 n 2
0.01, FF H7E 50 PL K 80 IEARH, BN 5 Sk 1y
1/10. MZHF EM DL TWM #4655 2] %R
0.0002, 23t 10 IEAE, %% H 0.0002 ZePEH
] 0.02, 3 HAE 50 LLEK 80 RIEAHT, F& AR K
[ty 1/10.

BIRE KN FRE
Market-1501"" Z#5 4 1 1 & B35 1501 4
TN, 53t 32668 TREMR, H 6 MEEIRERKS.
751 N A/ 12936 18 EUE R SRt AT I 2%, P3N
A 17.2 ENZEG; 750 A AH 19732 g G H K
AT, PR ANE 26.3 TR EE.

DukeMTMC-reIDP $24it T —A N 8 MNMRAGAL
HIRA BT NEGSE, G 1404 DAHE S0 )
TN, INZREEH 1404 H#K 702 S A 16 522 18 ]
G R, MAREE H 5B 4k 702 AN N 17 661 g B4
F .

3.2
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CUHKO3P7 J& 1 Fr s SCR 1 bl R SR,
AR 1467 M7 NI 14097 @ BB K, T2
BN 9.6 MEUIZR KA.

KA, tHEZE EM )2 2 515 2 1) %5
AR 7] 2 ) P D PR R B 2 A, A AT KR 2
[ PR ARALARE 2 . SR F I AN A o R DL IC R 1k
12k (Cumulative match characteristic, CMC) £
B ILRRE A (X8 Rank-1) F1-F 35 #E 5 %

(Mean average precision, mAP).
3.3 XfHEsEE

1) SELBARS b

WA SR 77755 EANet 78 1R 3 AR
o S EAEAT PR REXS L. 1 EIEMFE 4508 Rank-1
CLR mAP. A LU 45 R BB mREA L
BEAT BB S DL B LI 45 R WK 3 FToR
(% 3 THHE Y Rank-1 18, 55 AEIE N mAP ).

# 3 5 EANet MEfefEE (%)

BIRTET 1.0%, 1.9%, 2.8%.

2) HHAB I IEXT

9T IR AR SCHR H I AT R R A A A 1)
PERE, 75 B AR - 5 aF k42 14T N E )
TNEATAEE, FEIFN48H5 9 Rank-1 BA K mAP.
BT A S 45 I TE A MR AR SO A 34T B HE T
G SLAF 2. SEIGEE R 4 For (R 4 8N
Rank-1 {, &5 NN mAP 1H).

®4 HHARITERPERA . (%)

Table 3  Performance comparison with EANet (%)
Tk s

Market-1501  DukeMTMC-reID ~ CUHKO03
PAP-6P 94.3 (84.3) 85.6 (72.4) 68.1 (62.4)
PAP 94.5 (84.9) 86.1 (73.3) 72.0 (66.2)
PAP-S-PS 94.6 (85.6) 87.5 (74.6) 72.5 (66.8)
IAPM-6P (A30)  95.0 (85.3) 86.9 (74.3) 72.5 (65.2)
IAPM-9P (A30)  95.1 (86.0) 87.9 (75.6) 72.6 (67.4)
IAPM (AX) 95.2 (86.3) 88.0 (75.7) 72.6 (67.2)

Table 4  Performance comparison with
other methods (%)
- Hllisk

Market-1501  DukeMTMC-reID  CUHKO03

Verif-Identify™ 79.5 (59.9) 68.9 (49.3) —

MSCAN® 80.8 (57.5) — —
MGCAM™ 83.8 (74.3) — 50.1 (50.2)

Part-Aligned™ 91.7 (79.6) 84.4 (69.3) —

SPReID!! 92.5 (81.3) 84.4 (71.0) —

AlignedReID!"! 91.8 (79.3) — —

Deep-Person!™ 92.3 (79.6) 80.9 (64.8) —
PCB" 85.3 (68.5) 73.2 (52.8) 43.8 (38.9)
PCB + RPP" 938 (81.6) 83.3 (69.2) 63.7 (57.5)
HA-CNN* 91.2 (75.7) 80.5 (63.8) 44.4 (41.0)
Mancs!! 93.1 (82.3) 84.9 (71.8) 69.0 (63.9)
P=Net 95.1 (85.6) 86.5 (73.1) 74.9 (68.9)
M’ + ResNet50%  95.4 (82.6) 84.7 (68.5) 66.9 (60.7)
TAPM (A3) 95.2 (86.3) 88.0 (75.7) 72.6 (67.2)

PAP-6P. PAP 43748112 EANet H1H 6
Je 9 A NARERAE, H R AE R L™ I 25 s 4
PAP-S-PS #8172 EANet {1 9 A& HAFHA L™ .
TAPM-6P Fl1 LPS Il ZR ) BRI B AY ; TAPM. IAPM-
6P F TAPM-9P f& 2 A ST 74 6 NFT9 A
A, B A Sk B L I SRR,

IAPM 7£ 3 M EViFdES 1Y Rank-1 4 EANet
Hh B R I A U OB R (P AP-S-PS) 2 Bl TH T
0.6%, 0.5%, 0.1%; £ mAP EHRTF T 0.6%,
1.1%, 0.4%. N T 5 PAP-S-PS AT A XL, i
S HARF R 9 AT S8, 78 3 AT
£ R 9 AR (IAPM-9P) 15 2 11145
35 PAP-S-PS Mitt, Rank-1 70 HI#ETH T 0.5%,
0.4%, 0.1%; mAP 73542 H 7 0.4%, 1.0%, 0.6%.
NTEH PAP-6P #ATA XTI, H S HMIAK 6
ASEPEREAT O, 78 3 MERBIEE L FH 6
HAFR Y (IAPM-6P) 152|145 8- 5 PAP-6P 48
tt, Rank-1 735l F 1 0.7%, 1.3%, 4.4%; mAP 45

T 7 ORISR B BRI 2.

ASCHR B J7 3 E Market-1501 3085 4 1)
Rank-1 A% 95.2%, mAP ik %] 86.3%; 1E Duke-
MTMC-relD %44 # f) Rank-1 5% 88.0%,
mAP iEF] 75.7%; £ CUHKO03 ¥4+ 1) Rank-1
iL#] 72.6%, mAP L% 67.2%. 7] LAE 1, 7 Rank-1
K mAP WO ZEN bR b, RSO e TR
SRR IR Z 80T NE BNk,

3.4 HEASKR

N T BRAIEAR SCHRE H I AT AR 2 AR %
H RS o WA M, AR SCHE Market-1501 20#54E
Wit 7 2 HE RS, AFEIRIE IWM 540k
BRI A B, A3 AT R S IO AR TR A R (1) 52
PLE T SPTL A o Jo X X i385 SR i 52

1) TWM 5 o4 2k ek 5 0 A 250

HHES 3.3 TWRIR &S T LUE B, ASCRERYTEAT
NE AR FE L nT DOk BB aF I RR. itk — 25
E AT ff R AR SRR A R, A TAPM HR2 BR
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Table 5  Ablation experiment 1
R Rank-1 (%) mAP (%)
JR AR 92.4 80.5
JRUAHEA 4+ TWM + SPTL 95.0 86.1
JRARE 4 TWM + SPTL +
95.2 86.3
CRWEIAEN

TE: IR LR 5 S A R

H2% 5 AT AE ), fi L LR B AL E/T 5256, Rank-1
A mAP 7358 92.4% F 80.5%; 1] fig B A &
R 2 J5, Rank-1 1 mAP 4y 3 m %) 1
95.0% 1 86.1%; (£ b FE Al b 38 i e o0 432 2% Ji5
Rank-1 Al mAP 43734 NE] 7 95.2% Fl 86.3%. LA
b sng g SLULEH AT AR R EE AR R 453 O e A
RV R AT RUR.

2) NAR AN B R BE ) 5

T ERFCNAMEBAE BB AP BE 1 52
7E Market-1501 #5445 L, 48 AN 538444 Bt
175256, SEIR et Uk 6 fir.

RO THERSCR: 2

I8 RGRAERRIE 1) B S TCF A ) B2 o) A L ST
(PN AAR S A S S 3 A

3) Z4 o Xt SPTL 520

ZIUHRR ) o KPR I 1 e R AR S 2 JE
BRER, AT ERH 4 MR o FEEHBE=
T, X7 AN AT TAPM £E Market-1501
TSRS, o 43 liE N 0.1, 0.5, 0.8, 1.0, 1.2, 1.5,
2.0, 5.0, 10.0, SIS R U 7 fios.

RTOHERSR: 3

Table 7 Ablation experiment 3
a Rank-1 (%) mAP (%)
0.1 94.4 85.2
0.5 94.5 85.3
0.8 94.8 85.7
1.0 94.7 85.6
1.2 95.2 86.3
1.5 94.6 85.6
2.0 94.7 85.3
5.0 93.5 83.5
10.0 93.3 81.0

Table 6  Ablation experiment 2
NAREBAEAE Rank-1 (%) mAP (%)
6 95.0 85.3
7 95.2 86.3
9 95.1 86.0

T I AR R & S R AR

NAREBAEAS A AR LG Bl B BN 6, 7,
9, Hrp 6 NSRSk, LI THF. K
JB AN AL 7 AN B AR AR RS BERT R ART
KIS ZNBR JELL 45 9 A SRR dE k. BRT
Y BN NN N ol = N N 2 N = S
6 AN AT SE T, Rank-1 f1 mAP 4354
95.0% J% 85.3%; i 7 AT AT S50 T, Rank-
1 A1 mAP 53518 95.2% I 86.3%; £ 9 AS#kt
HEAT 250, Rank-1 A1 mAP 235~ 95.1% M
86.0%. ffH 7 NF 9 NERHR BRI SIS R, ™ T
i 6 NS BRI St 5 1, UK 4R Bk
JUBERFAEAE 9 Jey SRR IR AR 72, XoF I 288 55 R P BB 1)
PRIHE — 2B, 7 AR R0 a4 R
A 9 NS BB SEIR 45 R, B 4 )5
FRAEAE N SR SRR AE R D FE 5 AR D7 vk i 2 9%,
RN KR R (L2 B el R 2 BRI, &

VE: ML AR R K e A

A VEH, oiEE 1.2 B, 45 25 50 Rank-1
A mAP. X o IEFER /N (a =0.8), & FEHIEM
FEAG B B8 TOVE A AR K, 2 o i FRECR I
(o= 1.5), = TG IE LA 2 18] i) R 2 4 ik 2
LK, 2 FENF = ToHAEAR ] EE 250 LAz ).
Ty i = G LA IR T SRORE AR N 2 1) R B A 22 4R
K, T = JC2H 2 18 R A ) BE BS AR T i 45 5, i TR
FEo BN B LR BE T B

N T AEIEEA o %F 1B URE A [R] R B R AR A 2%
F,ER a4 ANHUE, 2ol IE SR A BE 5 14
2R, il 5 FE 6 k.
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Fig.5 Negative sample pair distance graph
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Table 8  Ablation experiment 4
A Rank-1 (%) mAP (%)
0.2 94.4 85.4
0.4 94.8 85.4
0.6 94.4 85.1
0.8 94.8 85.7
1.0 95.2 86.3

T IR R S S A A R

N TEAR RS R4y B E N 0.2, 0.4, 0.6, 0.8,
1.0. N WE RN, 20E5 LS 5z, FRARAR Y
PERE. MIEHUAN 1.0 B, Rank-1 fl mAP 454
95.2% J% 86.3%, MR FIPERE AT LA B F AR

3.5 AEBYRRETR

Bk T TE 32 A0 A5 R S R R 1R A,
AR SCA — TR TWM AR R R EE S S s 2
(32 AR AT i A5 2 () P AR . B DA R
AR A BRI R DA R 5 N 2 LT 45 S
XoF B, IE B 1R iR B AT AR ).

1) TWM BUHE A R R

M Market-1501 #1 DukeMTMC-reID P43
PRI I 5 MR EHR, R AR SR H )R] R AR A
BB E LR ER W E 8 fr. B 8(a) AE 8(b)
1% H Market-1501 i€, K 8(c). &l 8(d) 1l 8(e)
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Fig.8 The display of interpretable weights
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Fig.9 The display of subjective evaluation results
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