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Person Re-identification Based on Feature Pyramid Branch and Non-local Attention

SUN Minghao, WANG Hongyuan, WU Linyu, ZHANG Ji, ZHOU Qunying

(College of Computer Science and Artifical Intelligence/College of Aliyun and Big Data/College of Software , Changzhou University,
Changzhou 213164, China)

Abstract: Paying attention to the global contour and the person local details is very important for the
existing person re-identification methods. In order to extract these more representative features, a person re-
identification network method based on the feature Pyramid branches and the non-local attention modules is
proposed to extract the global and local characterization features of person. Firstly, this method introduces
a lightweight feature Pyramid branch structure, extracts features from the different network layers, and
aggregates them into a two-way Pyramid structure. Secondly, in order to further improve the accuracy of
person re-identification, the non-local attention module is used to extract the global features, which can not
only obtain the global information of person, but also pay attention to the local details of person, so that
their final fusion features are more representative. Finally, the characteristics of different layers are fused,
and the joint loss function strategy is used to train the network model to significantly improve the
performance of the backbone network. Through a large number of experiments on the four public person re-
identification datasets, MSMT17, Market1501, DukeMTMC-RelD and PersonX, it is proved that the

proposed method based on the feature Pyramid branch and the non-local attention is competitive compared

HEEWB : BHRALRHIL4(61976028) 5 TLIR A A58 A BT H I H (KYCX22_3067) .
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with some advanced person re-identification methods.
Key words: person re-identification; feature Pyramid branch; attention mechanism; non-local attention;

joint loss function strategy
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A7 NS A A phe 5 B AR HLAG 28 DG IE AT A I s R4 By ) R, B 24 8 — A HARAT A G 4 38 18
Jr mCRE AL, DA P A B v ORS B S % D AR R 0 B DT 4 R A 2 A o B R TR R A B 4 I 2 Y R R
J AE R BE B R G OCHEER AT N E RIS T E R . o iR, K2 8T A E R
S P BIF 5 R R T A B T, DR R A AR A B AR AR L ATk R T S B M 1 oK
AN I, i N T bR AR AR (9 7 2 AE N 7 FE 2% R (8] F6 2% 1 A0 A7 7EAR K ) A B 28K fil i 2 30
STHY T B A OO B AT N T IR AT 55 A A O T B, 52 B MR £ i G . AR S S
AN Y AR 2 B, T IR B AT N R 2 20 S P T MR B B A i W (Unsupervised domain adapta-
tion, UDA) "™ Fi1 5¢ 4 JC Wi B (Fully unsupervised, FU)'" 47 A E iR 5. 76 UDA b, 14N 4RI0 i TR
LSRRI B AR 38800 Bl o0 A AN 6], AT LR U 27 B Fr sl B B R AFZ fig ) s Al
i T R AR R AR 0 1 ESOR I ZR BE A0 BT LA 52 4 T W B AT N B U5 S Pk it . —RIE R,
Tl T AR, UDA B REIL T 58 4 0 B AT AU o SR, UDA YIl ZRid #2 5 4%, 2RI
A E AR ) Y 25 0T AN B L AR SCOKE T OG5 4 T B AT N R Ry AT BRLR UL K AR R
Jo B AT NE

BT AT B G W B AT N E U O T 3 R SR I I e AR AR AC R A A O AR S AR A 2
W 7 RN . SR I AR 28 A RN R I 2R 326 AR 1 7 12 ke VI 0KS i A R B R L A B 1Y O
BARA R BAEX A S R R 20 T A E R R (D i TRV A2 OCIRAE L 5 5%
i R I T 0 P A DR SR A S ), S B — AT N B R AE S R B RAL T B 22 AR K, R AE £ H 2 4 B
ORI R AR A M AN IR 5 (2) X T 1 7 o Bt 30 (07 Y A R i) 46 AR R 4l 12 At B B AR R 2 TR Y O
Fo SR AL S8 0 A5 PR b 28 I 28 0 L2 7 JHE O[] 5 22 R] A AR /N 208 S8 P 0 A7 40 2 0 A1 Ak 4R 28] B e o7
BB AR OC &R o BRI A SCHR Y — Rl RRAE 4 35 43 3 (Feature Pyramid branch, FPB) FIFE Jy & 56
# (Non-local attention ) ¥ He gl & (1) 7 45 .

1 HEKXIE

1.1 ZTEEMNITAEIRS

3 T O AR 2 0 0 W B AT N T TR L 4R R LS 3 W B - AR S L) R A D AR A 2R R
M2 LN SR LU A AR S8 35 43 s AN S 2R 5 ik AR A AR K A St L A SRR L7 D A Bl A R AR
VE Ry — A~ R e T W0 A AR R AR 3 21 38— A B2 v A Pl b 8 5 SCik [ 12 ] 0000 g A L8 31 33
JEL I — B0bE 2 0 i D BR A SR R AR AL YIS — A 4y 2R Il SCER [ 13 148 T — Rl i B 26 %t
FU 2 o HE 28 ) 7% 4 Bt o ) 2 0 SR S, DL 58 35 A0 JRU R AR BB SRR IR A e L T . A —
5 T 56 3 TS I 4 0 1 0 6% A et UL B i 0 4 1R A I R A KRS 14 B3 A0 A K 491
W MSMTL7; 55 — A7 I, 76 4 28 9 2 1 25 B Bt 51 A S T) 9 BIL ) oF 2 i A R A B o R Al Jo 3 1
BT, DL o) B 2 0 4 R R AE AR AR RE AR Al G, R AN [R) RUBE (R AE , B8 R R 1 2R . AR SCBR T
e P Al Jh 308 5K T A e 1) SR g b, 0 (o P e 285 S T DU A 45 2 el A R o 5 e 7 A I 1) B )
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1.2 HEEFEMLE

FFAE 4 715 W 2% (Feature Pyramid networks, FPN) & —F 732 W A9 2 N SR1E 2R e, TR
WA ) REE Y H b o FPNUSHR T — 0 [ R B 42 R il A AN 7] 43 B R R B R AE o Bedh o T 4
FPN f{5 BALHERE J7 4R T Z 80 FPN S, 4 PANet 88 b0 7 (1 i E Y42 BI-FPN 42 T —Fl
TR LR, A AR SR O A B R RV AR AR AR R R A S O IR AR A E N AT
TR AN SRS T B R RS . 53T FPN AY 5 B TE 1 B [ 20 B R R AF ARG AT 45 vh
[7il 9 2 , 3 8 T 36 1 Sl ok B AN A 22 TR 43 SRR IO 1) R JE B R A I 0 LR AT 24 ) . I L%
A48 TR O [F) R B4R AF 3 R4 B 1R 2 2 1 3, T Zheng 2506 4R B 19 57 2iF P 43 50 8 A [

ROBERY S35 2T B AR50 19 2203 SR ERRFAE o A SOF FPN 51 AAT N PN AYAT 55, S8 BRAE 42 J=) Fil )

HRRBE L AT RRAE A5 5 VE L, SES 3 B FPN W] LLZA BN (Y P B ok (B 2 i $2 7.
1.3 FENWE

V) VE B ALY BT B AR TR F AL AR S5 4R 0yl RO 2. B O B S B
g AN FRIE I SC o BT, 22 Sk 1R B R Transformer BEA8 1045 0F B 7 - R 04T 55 P BB R o 59 —Fp
TR IOLH], BVAL & T B )z B TAT AN EPOIME S, BT R A R, B ME R R
il SRR AIE 18] e oxk B SRR AT S TSR o B T AR R R — R A T R
Yo, ten 4 i o LS, R GERA KRN SRR 5 AREF ARSI A 2k T EH
PR A58 AT 55 b B e )32 i J A B RV AR Jmy 3 G T P 8 I 26 2350 o & A9 A 2 0 AN [ 45 1Y
RFAE 22 [B) B4 AR DG, DT 3 BT OC TR B RRAE o F T A B AR IR B SR R R Y, & i AR 2 2 1 B
PUG A RN R XA REOCHR B>k o PG, B AT BB AE — AN AR /N (1 90 B A7 4k 3, 56 T — ke 8]
R IR R A S A B AT A R Ak i AR SRR OC T AR AT LA g ok FR A LR Ak B R
ZAME B 32 B, Jo i AT B AR R 3R Gk 1 [
2 ERXTE

AR SCHR R REAE 4 - 3 4 SRR Jm 30 0 R B il 1 T 2% B A, T DA TR 1 S S R S AR il AT
NBRAAE o J7 35 BB ARAE SR Q1] 1 7R o B A HE 48 32 A0 1% P S 38 43 - R AIE B8 BRI 22 I 25 1 25 . AE

R AE S I B, A SO T A 0 25 2248 DAy i A HRRAE 4 535 1Y ResNet=50 5% 22 0 2%, 1R £ 0I5 4 Jay R 2L
AT . 78 ResNet=50 5% 22 P 45 9 55 1~4 J2= Z 1A] A J&y 88 5C T A D Al B A6 e, 82 JBCIRT 45 1 42 JR R AIE
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Fig.1 Overview of the framework
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2838 Ry B R AR AN 42 SR RRAE A LG DT AR AT N Y 3 AR RS R 2L R T R — 2 R AR
REB —&. TR eI A A R I R B RUR R AP . 7R & 25 U1 2R B B, [R) ARl
FH DL b AR AE 42 HOCER 52 B Query 5 10E , 2R J5 {1 FH 2 43 28 W 75 X L Al 31 (Info noise-contrastive estimation,
InfoNCE) #t 2 Fll #5255 ¥% 1E W] 4k (Label smoothing regularization, LSR) # 2 ¥ 17 B¢ & 18 1k , 43 %0 />
Phbs 25 1 e 7 e, 4 AT N UM AR RE . JE T A BAT 25.56 <X 10° U B T M 4% ResNet50,
AR S I RRAE 42 5 o SO AR R S A R B A 0 T 45 4R G 1 51T 1.5 X10° i A A S8
S T A e o b S B T R A R
2.1 HIEEFEI TR

FRAE 4 -85 70 S840 it BIFPN SCEE 0k, & S Wl T HAR K AT 55, {2 /& FPB 5 BiFPN £ 76 4 Jit
YD o F 58 FPN 2t o 58 A A [R) RUJEE 18 R A DA Ak TR AN [] /0N 1 4 A4 3 B 1) 288, 117 F P B J2 4 AN [+
FUBE B AN TR R AE 2 4 B B DL e o PR, FPB K B4 i ) 49 10E 2R 5 217 B 484 | il 5 BIFPN 7R
RIZHEA Z A AR R A SO L BIFPN B 58 A9 3% % 2% 55 B 0T S IR CR A . KR
g AT NE R AT 55 75 Bk B AR [R) RS 19 52 2 17 58 X B0 i AR X B K i B (0 AT 93 2K . R IR 4 1
O3 RGBSR 2 2 0 FPN. i T &7 38 09 BT A 2 AR A% G W R AE R & 7 38 — Rl L 2 43 2%
v, PR AR SCHE BT R A TR Hp [ 2 SRR IR 48 B R 2560 FEFRIE & T35 43 30 AT J2 (8] 9 R AE 22 [R) #4776 P
Fofr it RUJRE (R B0K 3R o ok e 3 A7 (BB 1 S I T g R B B L AR AR AR I KON . S A, — A BE
] | 0 3% 2 A 2 < 2 B R i e Kt Ak i Oy NS . B — 2 A7 AE P A ) B SR AEERAE  ED B A
T ALEE B AR BSN anEL2 il e Sk IR, 2R LT ResNet Wi 58 25 25 M AR SCECELT 0] R R
R B 2 fn, A B R A R R B G O SO SR Y R R R B AT R B A R
ST K ERAE R 45 R EOR 0 RRAE R AT Rl G, B ] % 4 00 TR R R AR 25 1R ROE B AR SRR AT LA
JEJZEALAN AR B o SR 4R T AN R bR A I SR B A S P B SR (280 1< 1 AR DA
A A 4E R G OF o R R ACHEAT , DA SRR SERRAE . R L TEBD S IR I RRE I BN 3X 3B,
A I 2 R AE ] 0 B R FE IR B 80 o X T FPB 4 HCH SR i R AiF 2 B2 LR B 4l oy 32 6 2k
254 JRy R AIE A PG A T Al S 35 G 7 ABE B i L, 52 300 Jm) 308 R K AR A0 1 a5, 4 P A U 1 R )
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Fig. 2 Feature Pyramid branch structure
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AP FORFE R L& 5 RN A AT RESCHR ML & s S G5, AT LU BMR 5 51 AL, 3 H R
AR P& 5y o2 A o RUJRE — e ) i S TR 5 o TR0 30 e 5, T 33 54 o 0 0 HG A P A o2 B Y AR e s g 2 1
A WIS R VRS, B 1A sBIRT B 1A ) i W DLE O T LA SRR, B R EA TR B A C (2 ) 2 H
— b bR B, PRIE AR T S RS BN

9 7 RELEAR R AR OC TR BRAEAE S LA A, T LA H A AT B A 2 4 b K R S R G AR i 3
R 25 BB 2 AR R R G TR E R o gk 22 . KR R AR E LR

;= Wyy +a; (2)

Kb W,SEhR FJg— B HERAE, B ol B o — B2, RoR AR B G 4 3R 22 M 4 i f i
o, RN

B3 %R — AN R g, e R/ R iTXHXWle
HX W X C BT A5 GE P 78 B 1 Bk 2, 28 3 ® l
S Jrh 3 X D 2 2 L ey, K i 2= =
WY -+ X, 24 th O S5 A A S 2 L st
BAVE W, 5y, Hh TX HX W X 1024 % ‘ flk‘onme
1024433, (B 277 7E 2R AL Q) R R TR % B BERH S
— AT AT softmax BLTE BB, S 20T 1 X 1 B K TXHXWXTXHXW
5 H S A A B 52 A wammmﬂ .
2t Db B K% ik A ResNet=50 [ 2% TxEX 512 [Tx B w512 A TTAETS
i) Layer Layer 2 Layer 3, Layer 4 JZ Z ] , &R 4K e | [ ey
B, NTERELOE R, BT E R 2% T T T

Al — 47 NAEAFRAR S T SRR AE Of B e i 35 B,
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Fig.3 Non-local attention module
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b e S 25 i) S0 g 9 1E RESSREAE ] 4k, o R LR T M g FE Y IE SRS REAE ¢ AR L O Al 3R
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S AR A 1] i 2 18] B 2 20 e B R o TR PR AR A S AT R G B R R BT LT R RGO 2 B R ST A
W P R AIE 1) dik Ok SRR R ARRAE o R T X T A MR A AR A8 A 18 T IR R B I 4 A T A7 A LA )
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Kb ke, 2, -, K PRUNREURE U SCRIZEA s p (k) I REARBETUN g ke BIRE S 5 p(y ) W REA TN Sy
PR e [0, 1 P — MBS H m(3,4) 75 B A SCRY & 512 s ECh

L=2AL,+(1—A)Ls (5)
KA — P HSE

3 XRE5ER

3.1 HIEEFIEMIER

A S ST i P Y B A R 20 A A AT SR A, O A R AR RO 4 - Market 1501, DukeM -
TMC , MSMT 17" Hl PersonX"** . 4 A ¥4 4 1) Y1 25 4 70 #5360 4 40 8 1 7, JHG v 8 360 42 o 00t 42
B > REA H IR . Market1501745 5 6 DN BAR AL A9 1 501 4 B 03 19 32 668 sk bR iC i B9 AT A
Fro DukeMTMC ™08 36 411 5K K14, ok O A 8GR H3R A0 1 4044 By, A BAT iy 144015 3k
W3RAY 4084 By FE R T4, 3 1 812 MT A By . MSMTI7™ MR S & T K H 4 1014 B4 1Y
126 441 5K W& R 2 fH 15 M RAE 3k (12 =40, 3 E ) A8 89 14 A N 4 K P9AS 6] R A1 B0 89 5 R
4E . PersonX ' B H 45 &L T x6 T & 515 Unity 1 &8 40 1 3D SR & MR S, & 1 266 17 A
B

®1 HEEHEER

Table 1 Information of datasets

GRS Bk /A K% /5% — %{%M\, : ST
Train Test Train Query
Market-1501 6 32 668 751 750 12936 3368
DukeMTMC-relD 8 36 441 702 702 16 522 2228
MSMT17 15 126 441 1041 3 060 32621 11 659
PersonX 6 45792 410 856 9 840 5136

TEARSCHYSE 5, R T BB IC B AR # 28 (Cumulative matching characteristic, CMC ) FI 5 25 £ i
% (Mean average precision, mAP) R PEAG & H 7k i PERE . CMC #h 28 )2 I LA 28 09 HEA 3%, FH Ok 2
17 N E R BIBRL A HE A BE 7 s mAP S 51 S HE 44 25 5 AR 4 i 3R [l e th ZatRmi A5 .
3.2 EWigE

A 3R F ResNet-501 g Sy AR 42 A B 90 4%, 4l FHl TmageNet ™ 1 6 Il 45 () S 5w i Ak S /Y, 75
Layer 4 Z J& , 244 Fi AT FHEHZ A 4 JRF 2593402 | SR 5 At b B 09— 4627 R L0 — 1k 2, A4 i
2 048 HEHFAE o AE DX A& v, ) 42 Jm) ~F- 243t Ak 2 i R Al R T B BE B . AR AN AR IR i T IR L 4l DB-
SCANPEAT 82 it bR % . W T Market 1501 . DukeM TMC-relD Hl PersonX % 4 , iy A 8145 K /)N
PHHE N 25613 3K X 12818 K X T MSMT 17, R/ 224 1838 X 2248 5 0 XTIk, 047 BEBLK
- E G AR T REALE BT R HLE R . BN S 256 A ER L 16 N A B 1 (4 A 16
A S AR ) o S B Adam B Ak 28 X AL T 808 Se— 4 AT N E IR SIS I BEAT I 5 . WI LA T Rk E N
3.5e—4,7E 5L 504 Epoch H, & 204~ Epoch ¥ L B 2 LAFTE 9 1/10, 5 3CHR[ 1309 R AT ik —HE,
A SCAF A DBSCAN Al Jaccard B 850X o453 4B EA7 SR 28, Hop &= 30, ABUE K 0.5, F V- 9 8 43
P pREO BRI ZR i 5200 o X F DBSCAN, WA REAS 22 [8] 1) d5c KHE 25 3% 1O 0.4, — %0 S /N il
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SRR BEE 4, A2 FEF Ubuntul6.04 . CudalO #l Cudnn?.6 Y 25 8% #1 Python 3.6, Pytorch 1.3.1 #ll
torchvision0.4.2 ¥R JB =7 A HEALBEAT , S0 A 7 0 B A0 45 - 4 B GPU GTX2080Ti(\2AF 4 11 GB).
3.3 LIMERMIILE

TSR AR Y VR B A ROME R SCHE A ROMBEUIE B AT LI O S — SRR Y O R R AT
T, mFE 2305, 54 A M I A BUC (Bottom-up clusterin)'"' | SSL (Softened similarity
learning) '* . HCT (Hierarchical clustering with hard-batch triplet loss)"”" . SPCL (Self-paced contrastive
learning)'"*’ . MMT (Mutual mean-teaching)"®’ .\ UGA (Unsupervised graph association)"*' L & Cluster
contrast 52k (Baseline) 55 /574 o 7E MSMT 17 84ls 46 I, 78 4 J7 1 0 A RRAE 4 7 38 43 SR AR Jay 3 06 12
FTEVE , mAPRE T 6.8%, Top-1#£H T 6.0% . 7F Market1501 , PersonX 1 DukeM TMC-relD =4~
B b om AT kLU  mAP & T 3.9% .4.6% .2.5% , Top-14& % T 1.7%6.1.5% .0.8% . #
i MMT SPCL . CCL 4t 5k, Wik, Zkiﬁﬁﬁ'z."l". 1Y 2 TR AR 4 35 43 SR AR Jmy B8 O AT A

WU 7 AR 254 Pk e LA T Bt B i S 2 9 47 N EE R O vk o

%2 7 Market1501,DukeMTMC-relD ##E & F 5 5E 3 75 % U L
Table 2 Comparison with state of the art on Market1501 and DukeMTMC-relD datasets

Market 1501 DukeMTMC-relD
Method
Source mAP Top-1 Top-5 Source mAP Top-1 Top-5
Buc” — 38.3 66.2 79.6 - 27.5 47 4 62.6
SSL® — 37.8 71.7 83.8 — 28.6 52.5 63.5
MMCL™ — 45.5 80.3 89.4 — — — —
MMCL™ Duke 60.4 84.4 92.8 Market 51.4 72.4 82.9
HCTY — 56.4 80.0 91.6 — 50.7 69.6 83.4
CycAs™ — 64.8 84.8 — — 60.1 77.9 —
AD-Cluster” Duke 68.3 86.7 94.4 Market 54.1 72.6 82.5
UGA"®Y — 70.3 87.2 — — 53.3 75.0 —
MMT" MSMT17 75.6 89.3 95.8 Market 65.1 78.9 88.8
SpCL™ — 73.1 88.1 95.1 - — — —
SpCL™ MSMT17 77.5 89.7 96.1 Market 68.8 82.9 90.1
ccL™ — 82.6 93.0 97.0 — 72.8 85.7 92.0
Ours — 86.5 94.7 98.0 — 75.3 86.5 92.9
*3 FEMSMTI17.PersonX 1B &E F 5% # A XA LLE
Table 3 Comparison with state of the art on MSMT17 and PersonX datasets
MSMT17 PersonX
Method
Source mAP Top-1 Top5 Source mAP Top-1 Top-5
ECN® Duke 10.2 30.2 41.5 — — — —
TAUDLY — 12.5 28.4 — — — — —
UTAL™ — 13.1 31.4 — — — — —
spcL™ — 19.1 42.3 55.6 — 72.3 88.1 96.6
UGAPY — 21.7 49.5 — — — — —
MMT" Market 24.0 50.1 63.5 MSMT17 78.9 90.6 96.8
CycAS™ — 26.7 50.1 — — — — —
SpCL™ Market 26.8 53.7 65.0 Market 78.5 91.1 97.8
ccL — 33.3 63.3 73.7 — 84.8 94.5 98.4

Ours — 40.1 69.3 79.7 — 89.4 96.0 99.0
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AR TP F R R0 Rk

T 4 EE A B T RO REOFSE I A B o FPB 38R HAI R AR 4 5 15 70 S 3%, Non-local £
7 R AR R 8 SG AL FPB + non-local 37 [A] {5 ARRAE 46 5 8% 73 SO W AR Ry B oG T e . A
P 4 mT LA Y, W0 5 i (9 2145 nT DA G [R] $i o B A 8 P 1, I LR A < 7 5 0 SO R R A0
TARRF O E BB A HOR . H AR Top- 1 BUE IR 4 FT7n .

100

80
90
80 70|
N =
60 —#—FPB+non-local i —*—FPB+non-local
—*—FPB —*—FPB
50 —#—Non-local —%—Non-local
——Baseline — % Baseline
40 , ; ; ; i 50 ; . , . .
10 20 30 40 50 60 0 10 20 30 40 50 60
Epoch Epoch
(a) mAP on Market (b) mAP on DukeMTMC-relD
50 100
401
. 90+
X X
% 301 a
80+
20+ —+—FPB-+non-local ——FPB+non-local
——FPB —*—FPB
—#—Non-local ——%—Non-local
10 —#—DBaseline —#—DBaseline
0 10 20 30 40 50 60 010203020 30 60
Epoch Enoch
(¢c) mAP on MSMT17 (d) mAP e Persoriit
B4 A A ERAE b 0T s
Fig.4 Ablation studies on four datasets
F4 FEANHEELNERIE
Table 4 Ablation studies on four datasets %
MSMT17 Market1501 PersonX DukeMTMC-relD
Method
mAP Top-1 mAP Top-1 mAP Top-1 mAP Top-1
ccLM 33.3 63.3 82.6 93.0 84.8 94.5 72.8 85.7
FPB 37.9 68.3 84.8 93.8 88.4 95.7 74.4 86.0
Non-local 35.9 65.7 83.8 93.4 86.7 95.1 74.1 86.0
FPB-+non-local 40.1 69.3 86.5 94.7 89.4 96.0 75.3 86.5
3.3.2 AERI K IEAL A M

WA 4 AT ULl AR SR 3 58 TR B i, 7E Market1501 5048 4E A9 mAP . Top-1 14 43 9 4 83.8% .
93.4%, e CCL#£ 7% T 1.2% .0.4% ; 7€ DukeM TMC-reID ¥4 4 L () mAP  Top-1 {4 2 %1}y 74.1% .
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86.0%, kb CCL#£ M T 1.3% .0.3% ; 7E MSMT17 $t 4% 4 I 8 mAP . Top-1{H 43 %1~ 35.9% .65.7% , It
CCLAE® T 2.6% .2.4% ; 7¢ PersonX K4t 4 L mAP  Top-1 {443 %14 86.7% .95.1% , [t CCL4& 5 T
1.9%.0.6% o TR R B oG J& —Fh 4 R v AL, GRS AR A b oG B R KR 2R R R . e A]
DL Al R 8 OG0 A5 R 18 005 Bl B R AIE 4 7 5 43 SR L — 2D IR ] T A Ak
3.4 XTERIMEMNZN

RREAIE 4 T8 43 SORAR Ja AR HOG AR A S8 S 1 RE A AN 3% 5 TR o INER 50T DU AR SO S ) R 1iF 4
T G SRR JRy R G TR H R T R XA AL B e 2 AN [R] 1Y o 7E Market-1501 Fl DukeM TMC-relD % fs £&
BRI G AR T AE MSM T 17 Fl PersonX B 48 1 BERY YN ZRif < El b 1 RIS S0 B0 T 3805

K5 WAEEFESZMIEF/IMELR I E B B0

Table 5 Influence of feature Pyramid branches and nonlocal modules on model efficiency

Time/(h:min:s)

Method
Market 1501 DukeMTMC-relD MSMT17 PersonX
Baseline 1:58:06 2:01:27 10:15:02 3:02:05
Non-local 2:01:46 2:13:11 5:30:49 2:12:54
FPB 1:59:34 2:06:21 5:23:22 2:18:10
FPB-+non-local 3:27:03 3:35:31 5:33:16 2:16:57

3.5 #EESHETLE

5551 Re- ID IF ik S B LL AN S Bz o ANIET S ol U I, 2R SO 4 Hh B AR AT 4 55 23 A
A 5 P8 G A P il A D vk B AT A B Re-ID J5 5 A0 LU, S0 b (<28 10°) I ELPERE AR R4 .
b FLA 30 T RE A e it 0 R T B AL 32 X 10° A SRR H S R0 T 2 (AT AsNet Al

Pyramid 7 fig B 5 .

L FPB+non-Jocal FPB+non-local -
901 MHN CAMA 95| ¢ MHN CAMA, , ~ Pyramid
o * AsNet . i o
o 3 Pyramid o *
* * © I * ¢
e 70+ 80+ R +
L - + S 4
% 5 0 =
2. *
50 Market1501 e 651 4
o =, + Market1501
. + MSMT17 o 3 e e
& o * PersonX * PersonX
30 ! X L L i ! 50 L L L L ! !
25 30 35 40 45 50 55 60 25 30 35 40 45 50 55 60
ZHE/10° SHE/10°
Bl5  55EERe-ID )y ik i S8R I
Fig.5 Parameter comparison with advanced Re-ID method
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it P AR Jay 38 OC 1 B A O Al B B B 4 A JRy R AR, 1 AR s TR ALY MERE . A SCHE MSMT 17, Mar-
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