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RESEARCH ON CROSS-MODALITY PERSON RE-
IDENTIFICATION BASED ON DEEP LEARNING

ABSTRACT

Person re-identification has important applications in the field of security, and
cross-modality person re-identification matches pedestrians with the same identity in
heterogeneous data to solve the problem of 24-hours monitoring. Compared to hand-
designed feature, the deep learning-based cross-modality person re-identification
algorithm has greatly improved in terms of accuracy and robustness, so it has
important significance for cross-modality person re-identification.

This paper aims at cross-modality person re-identification tasks, analyzes and
designs cross-modality person re-identification algorithms based on deep learning
from the aspects of neural network structure and loss function. Compared with
existing papers, the method designed in this paper has achieved leading accuracy in
two public datasets (SYSU-MMO1 and RegDB) for cross-modality person re-
identification. The main work of this article includes the following three aspects:

(1) A feature extraction framework based on hard pentaplet was designed. The
framework has the characteristics of high accuracy and high scalability. The
framework uses the improved single-modality person re-identification network as
feature extraction module. Because the existing single-modality person re-
identification model has stronger feature extraction capability than classification
network, it also has high scalability. In addition, this paper designs hard pentaplet loss
and a corresponding hard pentaplet sampling method. The hard pentaplet loss consists
of a hard global triplet and a hard cross-modality triplet loss. The former handles both
intra-modality and inter-modality variations. Since the inter-modality variations are
more serious, the latter enhances the former's focus on inter-modality variations, and
the loss function significantly improves training efficiency and accuracy. In this
framework, we cascade the hard pentaplet loss and identity loss functions, further
improving the accuracy.

(2) A dual-channel network based on multi-granularity features was designed. The
two channels are composed of two feature extraction modules, which has the same
structure and different parameters. The two feature extraction modules extract the
pedestrian features of the infrared images and the visible images. Each feature
extraction module consists of a global feature branch and two local feature branches.

II
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The strategy of composition and fusion of global features and local features makes the
network have the ability to extract multi-granularity features, so that the model can
pay attention to the detailed features of different parts of the pedestrian. Finally, the
discriminability of feature vectors is improved through identity loss and
heterogeneous center loss functions.

(3) The role of the gradient harmonizing mechanism in the field of cross-modality
person re-identification was studied, and the effects of easy samples and outliers
caused by excessive modal differences on model training are addressed. The identity
loss based on the gradient coordination mechanism can improve the training results

while keeping the model structure unchanged. This method is scalable and universal.

KEY WORDS: Cross-modality person re-identification, cross-modality image

retrieval, intelligent security, metric learning
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HUWHE, SYSU-MMO1 Hdf 4 v 1) m] Wt BG4 B 2 AR ok, R
2 NIRWEE, WARMEA G4y, “personl” F W5 (s T4 42, SRMTEL
HMFEML 3+ 6, A TSR, Bt K, I H BT AN AN [F R R
RETHHIRE, MR TIRMNEMEE. “person2” Fl “person3” AN FHELL
o EARM T, AR WICAHHLAIZL AME AL A # AR A DL 43, B/ B 2R TR A
W2 IR T RIHMERE . “persond” FI “person5” F3 N5 A H B R AR
T, MAFE R ROCAHNL PR G4k X 73 1K, (HRAELLAMENL 3. 6
WHELAX 73 . ZT5ER, SYSU-MMOI J& — /M Bk ik i E s 4 .

RegDB ¥ 4 R 4 A XAENLEE E, Rl BAEK 1 ol WOCHPLAF AU A
Bl ZBIERE 412 MT N, BT KL 10 5K 7T WOGENME A 10 5K AR
K& . BT HNLRS AT WAL AZ AL A B AR AT, RICRAER)
Al LG BUG FANBRRAR UG R AT NE A MFE . RBRER AL . RegDB KA
BRI 1-4 fis . RGN EHEE B R AEH M E, RO TR
F8, IFHBETAM KBTI, IR AEUR EUR AT KA B, BRI A] oG-
RS AT N IR A RegDB iﬁ?ﬁ%*&ﬁyhdﬂzf

III)uJ'L

kg '

" bl bl
Kl 1-4 RegDB ¥4

Figure 1-4. The RegDB dataset

1.3.2 VN FR

TEA 4 IR B SR VPO ARTEE 2 BT, B e 4R AT N B 1R A s 7
HEMPFIFEbR: CMC HiZEF mAP.

CMC 2k e Fr N 2t ULBCHi 28 (Cumulative Match Characteristic Curve)
& G R R AR 0 E e bR . AT NE R BIAENNR, S48 — DAl E R E

(query) FAUEEAT NFE (gallery) , 3t B &M HARE & —D NS5 RET

N A NAALRE, FEARGAACLRE B R 2R, ARSI HEZI 25 R — A
TR R IR . CMC BHZRIIRE SRR A ny NARKR AR Rank n WIME, Top n FnHH
RAE [ B o B A5 AW AR E S0 MR (05 1D, BT A%
querry HH PikKEWIE ), Rank n NIX P KE R Top-n B354

1
Rank_n = Fz Top_m (1-1)
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4 gallery FE T 2 5K AH IR 5 43 I ISF, Rank_n BB AN BEAR 2 (1) A4 I ASE 2R
43R, Zheng 25 NBIE HAd F I R FEZ (mean average precision, mAP)
AT . B 15 ORI R A A FIRE RS R, HAEREEHAA A1 S A
SR, BIEPRANBELE Top n AHSE GBI 1), SR, #R8Y 1 BARELLL
BRL 2 Wk R 220, PUOAFERIAL | A4 R, A2 KA IREESERT, Db 2
mAP KA ERE IR . AP R AL N:

(p—f+%+...+%+...+%) (1-2)
k
Hrb, n RoREEAT NE (gallery) AT ARIHE, kR GEETAETSER
His S tHE R E 3, pon i g R 5 Bisfr NILECI IOy, Bl 1-5
o, BT AP BT (1/1+2/2)2=1 , KR 2 ) 4P % T
(1/1+0/2+0/3+0/4+0/5+2/6)/2=0.67 .
mAP A& HARET A B IR RAEE (AP) BFME:

AP =

y
1

AP =— ) AP; 1-3
m y,zl , (1-3)

Forr, y FoR a0l H AR B R HEE .

query gallery
iRyl /
E B RAE S

B2
HeF R
A

Al E B - .. D Al
B 15 RABA R %S R

Figure 1-5. Search results for different models

f£ SYSU-MMO1 1 RegDB ##a 49, — M ANIEMRIEIT NEH BEA Z1EIZ,
XEWE — MEHEETRREA Z AL EAr. Fik, BT CMC #iZgksh, i
KPR EAEEE (mAP) EAVHE TR, R EATPFI T AR .

SYSU-MMO1 E#E £ 1 vF I 7y a0 . fEZRM B, B I ZREE I 7 mT
LA T IZR. NPT BL,  mT WG B R A g T NE (gallery) , £L4ME
TERBE W EARE (query) o WRIBIGLMI A E, Al AmMEREEL: &
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JRAR R (all-search) = N ZE B (indoor-search) . &R R,
MRS T ENNESNITE B, s N REH, IS aE =
WIS e B —FrE R EA P N EE 2 K ad (multi-shot) HTE — Ay
(single-shot) PHFPICE, XfTEiAT NEEH IR S fr, FRATEEALIZHEC 1 5K 8L
10 5K AT WG B A Jy B — a0 22 % di R PR AR B I e AT N B o TR iRl Rl ik
&, AW EAREE T T LA Ak B .

RegDB #E LM PFIN L T . HEAIREREAL 0 I, —FH T,
F TR AR B, Kok B AR 0 R A R Rk AT N
(gallery) , R —PMEEMEGAESHHRE (query) « HEE FIRPIRHE
1T 10 RS, S BT IR SR~ 3ME, A4 R AT E .

1.4 AR3ZERZA 224

ARSI TR B ST B A S AT N AR BIWETT,  H Rx L 1 ) 25 S5 44
NOBTE 28 45 P REASAT N BRI R BB, P 3 5 R AR 505 T 2EAT WF 7
AL AN EFHATIER, HCEHL R

B &it. M TRENTARREES ENSMEREUIR, SEi
PE AN PFIAR R .

BE MHRERAN G AT T A BN 22 A A 5

B BT WAE T A RIS IBE 2R B BE . ARE SR T AR IR
WOEZE, 185 B0 S ASAT NE R B M 28 ] TS s AT N b, 4R H — b
PR HE e AR R PR B, TR B 1 K e B SIS IE 3205 T4 R R N LA B
TR o

SEPURE: T 2R RHAE (1 XCE I X 48 (5T . ARE T T — R XGEE
XL, RIS A 22 0 R 20 1 1 7 SR PR A SR R AT R R AR, A B
FASRAN 5 45K B BIEAT I R, B SRIGUE R 1T IR TR

ST TR RO AL By B2k pR BT AR B A RS P R AL
i SCIE B AR SR B, BLUR A IR R v SR A AT B RE i B0 R AR, IR AR Y
RIS

HONE: i 5RE. BEE T, i TINS5 AL, JFE
HARK W RS TT 1A o

1.5 RE /&

REEENA T ERST NERB O OE MR, AARST AER
HRES AT N R AN TS T 2 1 I ARk B A A AT TR R . AT RS A
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T NER R TR RS, BATN A T A5G A R R AR R PR
MARFRAEIM 75 Ba a7 AR AL A .
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BT HXEARNTA

AR TR S S B AT NE R BT T, AN TR R B 57 >
RN GEIATHET, W HIEFE 7T NEIRB P E ARk A&
Sl T RN TG M e 22 e R R AN 22 BN, AR A 42 R 2% AE I ZRd
REP AP S AR 3R . I B4R 1 A HTRAT B M 2 R B RRE
BOEZ S WAL RN AR R AR A5 o G I B 1A B AT AR G M BR AR S SO T

e

2.

2.1 ANILHHEZM%%

N A28 ) 2% 5 42 JE — S R UPR A 2 e 4 & i i) X 28 46, 2 — P R
REBR AR . N A2 W 2% 07 R AE WA e M 28 S5 4, AP o R A (7 IR AR
M ITiiE . AN b2 M aTERIN K, AR S22
FORUBON, ARz e OB Z 07 A« X% 7 IRES, il —
SEBMERS, IR “Xar” RS R A2 IOl i

AN E I M-P HE TR, ZRIEFHL, G ERE (BP) Hik
INE{iES SN =

2.1.1 M-P I TiEHY
1943 4, McCulloch Al PittsPSLE AL ¥ 28 et RN E 2 HAL AL . M-P
2R, W 2-1 Bk

1) —— it

B 2-1 M-P tHZ oA

Figure 2-1. M-P neuron model
M-P # 28 et B ] 3 ik o -
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y=f@) = f(z Wi, = 6) -1

Horb, xRz NP ek IS, BUEATRME 75 FHw A1 6
Foro PiRAEDII A TCRIB TR, XHINBUS E NG 5347 R A, IRk 2
@9, B e 1B BUE 3L (Activation function) f(z) BRES HOIZM & T M, 3
PR M-P #Ze o B JE 2R MR (5 5 A B AR
AP T EOE RECE T ER R A, 0] 2-2() B . B K R U B
& “0” B 17, ARORME T T P B “MTs T ORE, AARERIX
N

F@) =sgn = {52 22)

SR, K BRI i A AR, SO HBBR 1] 1 # 22 Je 1) R Ik R
Rl AT 7 70 SR Sigmoid R B, 4nP 2-2(b)fT7s. Sigmoid BR iﬁ
RKIEN:

(2-3)

f(x) = sigmoid(x) = 1T o

B ER BB Sigmoid BECH LR A A X sl EATMLESET, A
MNEBUNEE, EATREE “0” BB “0” . M AEBORE, A TR g
“VU7 BFEBLT 17 o EANMRANET, PR HRHZ 01 1 —JnfE S,
1M Sigmoid BRI £ H 2 EL NG S - H, Sigmoid BRELATT R, T
JEH A, X1 Sigmoid BETE R AL FERITHE AR 7 (8, HSEON:

sigmoid (x) = sigmoid(x) * (1 — sigmoid(x)) (2-4)

son(x)

-1 0 1 X -1 0 1 x

(a) (»)
K 2-2 MLEIBIERE; (a) YRR %G (b) Sigmoid BREL

Figure 2-2. Typical activation function, (a)Step function, (b)Sigmoid function
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2.1.2 ZRERRHEM
HH 22 ™ P 28 70 1R 8 B 2 T 8 PR A 2R U i o 282 X % %FE%%DM%—W%JJE
It E Mg it . 2 BBMMLE =5 0Hk: AR BEE. WhE. H,
e E RN B R PR s & T, el i, @/ﬁ‘ﬂé ﬁFE’W%WL”
%%E%}%!E!%%nm £ 5 2 B B IR R AL N XS 2 AL, | 2-3 2 —A

FARRZE I
w@@@oo

& 2-3 B3R RA
Figure 2-3. Single hidden layer perceptron

FERXA IR Z AL, FNZ . /.z?):ﬂlimﬁ)j/wﬂ’@/‘3 5. 44
2. Hi, MIANZRANTRIERMAGE S, A LTE. BEEMEHZER s
ééfn%‘fs’)%ﬁ:M-Pﬁaéémi‘%%” HHAWEBIER S x « b« o0 IR RFAN
B BEE MHERE i AMMEsmtEs %QF*H%J:EH):'%EF%EE%JF
HAXAT:

h; = f(w‘lxl + whx, + whixs + whtxy + bL)

- f(z wx; + bi) @3)
0; = f(w‘lhl + W‘th + Wl3h3 + W‘4h4 + Wl4h5 + b: )
(2-6)
- f(z wih +bl)
j=1

Wb, w/RRE LZNE i METE E— 2 j METTIERRE, b
RoReR LEHER i MG niRE, [ RaBis R
At m] U AERE I A -

11 12 13 147

hy W§1 W%z W§3 W§4 X b,
h, Wy Wy Wy Wy x; ¥
H=|hs|=F||wd w32 w3 wi 4|72
hy szu Wiz W42L3 W42L4 f’ b, (2-7)
hs S1sz ss sa| LD
Wy Wy Wy Wy

= f(W,X + B;)

13



TR | N2 T = DA 798

b1
. 3
1 ,,,12 ,,13 ., 14 15 2
04 W3o Wam Wim Wi Wit lh, b3
0 = 02]=f W§1 W§2 W§3 W§4 Wgs h3 + b§ (2-8)
03 31 .,32 .33 .34 .,35||h 4
wit owy® wit owit owg h4 b3
| Y3
= f(W3H + B3)
2.1.3 REMEBEE

WNEIEEMAEMERT LS ERm I ES, WG s 58S MEAF
iRz, Wi & aERKSE Cerror BackPropagation algorithm, BP £75) B #r
BUEFERE, I b2 i 4 7= A2 SR R Fr H

DL 2-3 A [ BB 2 RN LA, 0 S [) A% i L AT B B . i 28 1)
o0, FHSEARE 0L, WV J5 245 K ek B E 52 SO

1 n
E= EZ (0! —0)* (2-9)

H, n Rkt E e o8 RIiafE ik E s s AR s g2 &1k
WG TT R R Ew) R B b, TR MEIZR AL VI SR8 E A B3P 281k
fi. FLARH, Sl A4k Sk B RN B sfems , B Bl i B AE R 5T 17
REATEE, 52 2 30Am,  BRUCRAERIE 23 -

j oE 2-10)
AwY =— _ (

l i aw?
. oE -

apt =— o 2E (2-11)
: db,

R S BN
v=v+Av (2-12)

53 T 2 o 28 TG (TR B w i i B L HEAT SR T4
dE  9E do; 0P (2-13)

owl ~ 90; OF% ow!

dE 9E do; OB,

abé do; dp: ob
HhpLFortith E i i AME TN, Zid Sigmoid Wi e& B 515 24
tHo; Eﬂoi=f(ﬁ§)o ﬂéﬁﬁ%ﬁ:

m
By =) wih+ b,
=

(2-14)

(2-15)
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R0 (2-13) A (2-15) /] LAt — P Rk R

JE O0E 2-16
= e 00y = (0= o) 0 (1= 0)  y (2-16)
3 l
0E O0E .
a0, % T (0;=0;)-0;-(1-0y) (2-17)
3 2
Gt — YR, wiRIB [ A
wl=w! -n-—: (
3 37 (')Wg
bizbi—n-aE. (2-19)
3 3 db; }

[ B, X F HAth)JZ FBCE R B S 508 nT DAE B 0L RIS S50, BAR
PR (2-12)HEAT HE Hr o

2.2 BFRREZ R

LR M 2% (Convolutional Neural Network, CNN) J&—FURERE ) 11 22 W
@i, MAAEGERE. BUEE. WLZE M aE s Z R IGEHE b 5= S Rk
(40T, R AARN 20 X 2% A IR P o ) v ofe i IR AE 2 21 D716, 2 T BERAR il
H AR5 5 AL BN TR B R .

221 R

HZAJE (Convolution Layer) i AR A% 5 4 N4 FE B AT RO SR AN (1) 15
ERIBIVENRFFIE, — DM ERMaEMg I REZ ZERZE, KEZEHZER
WA, PSSR ARHE, WZERZRDCEIRIE Rt BRE R ABUE
K= REBEENR A, XM RS T S8 80E, PiEMgdts. BUE
HERX TRAREE P — M E, BRZAINESERILZN, MET
IR RN, AUEILZ R R TR E R S, s E ARG
MR PR REERE, e GRS MARHE B AT RO KA 1 T 5,
FRGRIZ R SR B R0 REEE . R A A T S EA 4
Ak, EHEA S B Jm A e PE EE B, MR T PR B U IR 3R R ERAN KR,
IR A B T BRI R 1) R AR AIE

AR R RE AT Ay W Rl S ARSI A H A SR R .
24 R T REAKGRERE, Xi~X, KR 5 X5 XN %N RAEE,
Wi~W,&Rx— 3 X3 XN BERK, Ml 22 ERE B E S0,
Bias X/niZ BRI E, Y FZonfHREE . BRZAEREE BT 2 KN
1 KRR AR T
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n i+2 j+2
0SS o
m=1 h=i q=j

GRZAERHEE AT, SRR RS, ERE R ) R
TR B EIE R S 0 NRFAE B 24T RORSR AN, IR AT 38 IE R
AMEE 0, I _Eiw B R A5 2GR 0 AR . FFEE R, X
HET /0%, Dt (R e 2 fasian, mE M eRzEal2
NERZ, BNEREZET — RRIEE, RERRE R D =48

THFEE R 2 (5 R AR B RS2, el 2-4 Fro, R AR AR I 1Y
JGFRES X5 XN, i tHRFAE B A RS2 3 X3 X N ik B RST 4/ (1 i
P UM AN FFIE I A e 5 SRR I LI R:, DIk, BEFEN L sm A
R B RO DY 8 2 0 09 78 (k — 1) /2 R R kR BRI, HIET A
RMEAEAESE A 0 BB AR = EUfE

X,
5 R L
x111xrz Xi3 [ X1 [Frsi.
i e e o "
X1 Xop | Xo3 1 Xog X0 .
et Bt f B | ", T Bias
X3 X35 X33 | X34 X35 ~~ Wi b
R T P e T R
Xa1| Xz ez Fas a5l Wi [ W12 |Wis
U U I B st S I THey YO O I T |
Xs1| X5z | X531 %54 Was | ~ War[Wao [Was Y
Treg 101 .1
b Wo, | Wizl 4
L 31 7373 Vi) Viz | V13
. s Vo1 Voo Yoz
W
_______ R Vai| Vaz|V3z
. gt E T i =TT Wy | Wi | Ws
%% % e 1% W5, W, | W5
11 |12 M3 M4 | M3 21) ez e
Ed » X M » * t el
Xo11X 90 | X0z [ Xog [Xas _|Wa|Ws[Wss
»n » P % o = _‘-_'_—.— e
X3 Xap Xz X33 W35 [ ommmm”
M kel Ed M bl
Xg1 Xap Plaz [Xag |Xas
M kel ke X ks
Xsq| Xsp| ¥53]|Xs4 [Xss
E 2-4 EEFFERLRE
Figure 2-4. Convolution process without padding
222 BGER

WEJZ  (Activation Layer) [I1E &2 X &A1 )2 10 fan B 4r AF B3t A7 A 28 1
U, fEEFRME ML B AR RE ). WOE 28 HEOE RBAH , X5
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ERFEHEEE Y, BIEERRE N A= f(Y), fRRBIGRE B RSE
BRI B B K R BN Sigmoid BEL, 7E 211 R EHENH . SR, Bk S0
R 0/1, T Sigmoid WAL X FHUK/N, MHARLE R LRSS KRIE, F
£ Sigmoid PR EAE TR 2 28 R AFERR FEVE S I . [RGB B A5 AR A 448 X 4%
HAEAE 48 ] ReLU R %5

o= (528 e

ReLU iR ¥ (14 b2 i A3 sk R T 8, RN £ —EFE R B2 1 Bh AL
MR RE, SR, ReLUffi—is it 0, BEAREML BA —EMMBirE,
ARAREIMETT “HIE” MG, EZMEcmfin —EN 0. HeFEA
4P T ReLU BREUAAE/K PReLU B3k, HARWT:

f) = {af;cj,cx2<0(;). (2-22)

Hr, a; 7~ PReLU PR BERFE K ZE | MNEIER AR AR . M T RelU,
PReLU At 28 o6 “IAL” WM KA, Wb 7L #l& 1 R K . ReLU Fl
PReLU BB MK 2-5 Frw.

) )
05 r
1 0 I1 X I 0 I1 X
(a) (b)

& 2-5 ReLU 1 PReLU BiEE¥; (a) ReLU E%(; (b) PReLU EH
Figure 2-5. Activation function of ReLU and PReLU, (a) ReLU function, (b) PReLU

function

223 MLE

Ak JZ (Pooling Layer) =& XJHEE B b (145 Bk AT 0/ ik, $RECE G E K
FRAE. WAL ER: mREMm . WEm . & 2-6(a)F = i RAE AL )
T, B4 X4 FRHER A 2 X2 fiEE UKo 2 #7130
i, R R N R KB S . ORI f R AR AR, AT
BRI SRR I G RRE . B 2-6(b) R EMAL SRR, AMNEES &
KRAEMA— B, AR, S8 AL 5 RS TG BN R A BT R A

17



TR | N2 T = DA 798

AR =J5 i aF AL 55—, ek B o O ARACR YRS 2, AT REAIR
EREICA: W, FHEEE/N G, W LR M2 TER N 24, TR 4
EREME T ENSH, Pbda: =, SN ERET B e
I, AR BURER AL B G R, RIS AT RE IR FF AN, ST TR
A R ANAR P M i@ e AN AR

2 42

4 7

——>
5 4

(@)

2.5 3.5

>
2.5 3

()

B 2-6 PiATSERIEIAL T s (a) BRMEMAL; (b) BEML
Figure 2-6. Two typical pooling methods, (a) Max Pooling, (b) Average Pooling

224 EEE

42352 (Full Connected Layer) HHI#H& uidds E—EH A MM & T,
mE 2-7 s, EEEEAAHMESREM b REILZ, HT RS2
55, M EREEHTILE. REFENLS, 2ERZENSEAET 2, S8
BAEENGERMAMZE S AR R, BFIA RN 2 25

2-7 &EER
Figure 2-7. Full Connected Layer
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23T AEIRAFGIE

2.3.1 ETE£F/FFHER Re-ID 5%

BT A SR RHIE (94T N EE R 5 VAR FE A R 48 I 28 5K TR REAIE SR X A
W5 NAT NEUGAE RN — A AR AT R AE SR, RO F 2 45 38— AR AE 1H) &
BT 4 SRR (04T N EE VR ) 1R T A R B w7 it X 4% 88 A R A 45 2K bR
L 4 R R IE X 4% L2 R ResNetS0 2545 73 AT 45 R IR T AL 4%, G
SR TN O AT N F AR R R AT O, G Res-Mid*2IEA ResNet50 -
HTME, G ERERA G Z R R IEFHRHERIB RE T 2T & R RHE 45
SRR BT AT N A JRARHAE (AR, T S B 5 R AIE R e 155
2.3.2 ETHEHFFHER Re-ID F53%

BT R R AE 0047 N EE AR 7 VAR AT N BB - B R B, 40 il AT
RRAESEEURIUCHED, AH LG T4 RS E 77k, 2T R R e AT N SR A 7 vk a)
DAV BAT N IR AE o o007 AR AL 0 B 7KSP 2 R0 i B OB e
arE. BT KCE A #EIAT NE IR EEA PCB. MGN %, AT NEHE A b
B EBUR S, o AR EUREAN K BUR SR, BlG T RAEVE A i 4
AT NRFAIE ) £

SR, HTFAT AR BRMAR, Fe B35 0 B K750 80 7775 1] g
o T RMEFEN RARYE I8 N RAT NAS A BB AL gE AT 0 55, X 558 kiR
BURTE R OCHE AT, I TR SR B B O R SRR A N AN [F) A 1 U
TN IX LT BEUG A B AR SRR TAE, )5 Al A AN R AL RRAE .

233 ETMINFFIE Re-1D 7534

O AT N BE A & E AR, W2 T80 21 47 N B R A MY
FIH T B EUR I A, WARE T BRIz WIS EE R . BER BN WA
JPH TR B A T BRI E N FE TGN 4%, 15 0B B R & N 45 12
B — I R ) 25 (BAE 2, TR 366 VA B0 D) 28 Sk i BRI P R AL

UeAk, TR B BIAT N B AR 2 R SRR AE SR R BT A
EEEE . BRSO G ARAE, PR IR AR AT S R 4 I 2% i HX
2 R AE AT Bl S, S N B3 VA 9G35 R SR B AR5 1E - B Je 5 B 0 4
Sy OF AR R S 0 R B B AT I 2R

2.4 RE /N

KRENG T NG RGP L R 2% 1 E A RER 7, DL R 2R
AT NERA I . BRI 2 I A N1 1 N AP R 2% (1 R AR F.c .
M-P FZ oL, BEMI A T A AL R 2 R RILA R, RIS T A
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THRE T BEIR) S R A% 3k Sk AR e P 28 T R TH SR A 2 B ARA R X 2% 52 N Aol
LML >3, MR NRE S I EERGOSINEE TR, KRG 7SR
M E AL BRZE BIR)E R EERR, 2alEns 7 E
MITHEE R AT L, BUREDN R ae SR Bk . ATERENH 7 AR
1% T BRI M 2 AT NIRRT, 5 ORI 4138 T A4 I 2 BTt 1Y
PSR ASAT NERIE R, B P seA T, AT RSN A .
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=8 AT EM I TAMHERIERME

WA RESATNE R A CEEEFE, TEAEHREERITAE
BT R 22 X 28 RT3 2% pR B 7 TR 2% BB AT N BRI AT RS AT N
BRI T H F5 ERA2 dnfe] 58 A i AE PR AR S SR BT N AE, Xl E T 48
DAT NE RGN ZE & T ESZNM R, B, ST A E R 2% AT
¥ RIS BSAT N NE S N AR AE AN BRI K5 )5 TR REHY ) A . BAREESAT A
HIFRM AL ZERRR, BT AR T RERER UL, it
B FRBAAT N R 28 I0 8 RS A AT S5 R JEH A L2

BEXF LA B, ARF B T A T N oo A R R AR R BURE SR (Hard
Pentaplet and Identity Loss Network, HPILN) . ¥4¢, it T —MEEE&IT AR
W2 R g . AR5, FRATTHE H — A E I ZRad B8 b b W X e 4 7
o [N, AT 7 IRME FLCHR RE, IZ AR BRECE I T RS AR AL
AR 1) () AR AL, A BB S AT N B 0 X 48 AE 5 A A AT N B IR AT 55 Hh AT DUBE
T R IEVERE . BT, AT B A 10K pR R B R AR SR BUHE 2 b, B — 2D 4R
AN

3.1 SR AR IR

AT B IRHE 7 IR SR W & 3-1 P, ZAEZE A& AN 0. R BN
B RRAESE R . FRAER R . Sk s B . B, (E R A
Perp AT 7 — MR R s BN, BRI ZREE T LI B 2PK 5K K]
Fr, ROREALIZEE PAMT ANB) K 5K AT WO E R A1 K sRECAME AT X Bl 2k
IR A 44 N cm-batch (cross-modality batch) . #RJ5, FRADE AT NE L)
X 25 D50 BSCRFAE B BB R, R S AR 0 2 ) 2 F B3 BURFAIE R AR5 1 ok S UL P5 A5
SATNE R R ER I T g, SRELRI AR DARHE [ E R AR . B, K
LT T R . HE R o BUR R, IX B R R R X AR K
PR ) B EAT AN, DRI AR AR )V F At 2 R H N Foc . s,
397 2K bR HIORE I e DRHE T o ZH 08 2 A0 B3 A 4 2k ST R, FH T B B IR 2 1R )1
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Feature Extractor Feature Embedding Feature learning
2 —— o - o = o
3 E ‘ » Pentaplet 1
H p. ]
1l I " = B |
N Il . ) 3
- -
-l Il ID(1)
1 D2 Identity
. | Shad
1 2PK Pentaplet Pairs Voo ID(n)
KT T
input images Re-ID Neural Network Hard Mining Pentaplet HPI Loss
- anchor - negative |:| cross-modality - positive |:| cross-modality
negative positive

A 3-1 HPILN HERAUESE
Figure 3-1. The HPILN feature extraction framework

3.1.1 BUE BIRZSIT AEIR Bl L%

ASLHOE A ) R SAT N R B M g, (1 HAEBRESIT NEIR
5] (SYSU-MMO1. RegDB) %4 FiE M. FATME HLE A ASAT N E IR
P B R IR 7 1 AR 22 WY 28 A RV ACHE B v (R R A SR BB B, G BFEM3),
Res-Mid*?l, PCBI!'6l, MGNIU7I, MLFNM4,

SR RS AT NI E AR & 2 an ] 3-2 . 4T NEIE 45T CNN
BRI BIRAAE I, R AL i —4E M & 5 i — B 2R E (FC-1) , FC-1 11
i RNz BRI IE R & . O TR ) B H A R AR, 38 HE AR
%% (Ranking loss) Al &4k (Identity loss) HEATZIW . HAkH, HEF# KK
BRI RS I EAR, SRk /D RN B S ARIA PR RS, LB ATk kel
ZICHBR . KRR SR BB Rl SR A SO R R AL, R RS S )
ITNHRN—Z, RBUNENBEE . FC2 BReERE, HMAE oMU IIg g
ITAS AN, HT Sk s 8B4

TATE MOE B e 3-2 H A R R, EZAFE Ranking loss F FC-2
RIEEEWAER S . AT T —MHTY Ranking loss: NAETLu4 528 (hard
pentaplet loss) , fE 3.1.2 TWHEMNA T Zi Rk mE. FC-2 FEBL T HATT
RAE, Iz AT EEE T INGET AT NS . Bk, FRATEX SYSU-
MMO1 H1 RegDB #4847 YIZRI, 43 7% FC-2 WA & o M0 & Jy 395
206 1N
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Ranking
loss

Image N Identity
Tl SYSNEY

FC-1 FC-2

3-2 SRRUE BAESAT AEIRAIM S
Figure 3-2. A typical single modality Re-ID CNN model

ATV BRI SE URE 42 5 R 1) B AS AT N R 1) Y 28 AE A Rl e E
WAL, H R 7 R R I BB S A B A AT N AR 1) X 245 e e AR J7 fE (1) A
HPILN HE ST 2 S B AT NE RS H, O AR S BEAAT N H 1R A
FIREE —ErE. B 3-1 % “Feature Extractor” HELXT N K] 3-2 H1f#) CNN
B, FATRABEASAT NE B IR CNN R A ST N E IR BES+
PIRFAESE OB . T A AT N E R I 28 AE X AT N R AE SR U TR &2
wit, T 2RTEFERMEMNE, LT NE IR NG AT A
K TR SR B RAEPE KRR R & . A, 3-1 # “Feature Embedding” i
He b AL [e) 86 N B 3-2 R FC-1, K 3-1 1 “Feature Learning ” A5 H H i)
P AN 2K bR A3 )% B B 3-2 A Ranking loss AT Identity loss.

3.1.2 FMER TR R E

A B BT ) R X T o0 4H 45 2K R ARt B DR ME = A A R R B, T R HE =0
HPURREE = UK R B R BRI, A T BRAE A 3 oo 2 400 5% pR A
TATVRE S 1] 5 A 28 = JCZH A5 S AR = Je2H 401 25 R 2

=R R B Z N T N AT ANE RS R E R 5 S
R AEAT N PRS0 F Ak = o2l (% bl o B e (G
i € [LN], NR/pIIZritbixh =0 H A4, xR 5x S A H 1) IEREA,
x"RRGx G A F R AFEARAT NEIE . BRI A 2 A R e Se B s
BIE x 2 EBER S (A TR B O d 4ERFFIE R &, RHIERIE R LR RN f(x) €
Re. JERFHAT N EUR AR AT AR WGREE 2ok &, AT

d(xox;) = || G = F (), (3-1)

= TCH IR R E] LR TR O
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N

Ly = Y [d(x22?)" — d(xtxt)” +al, G2

Hrb, 2], =max (20). E=JoA{x%x 1M, d(x%x?) R R IERE AN (x%x))
MRRACEE 25, T d(x® ) Fom SRR A (2 I RGRBE 3. R ZE R e, =
TOALI 5 B8 BT BR R B AT P 7 AL B, X AR R SR R B . ae—
ZE, M T E AR BN . = o AE = JuH ik o 4
SEACRT G AL I B 3-3 T, IEARAST 2 8] RR S EE SR AR S T N, T fRE
At 2 18] B Wk SR AR 1R T K. AT N FE AR A ALl B R R ok Ko, BR
IR BN R R AR AL, X = A B R bR B AT DA AL £ Y 45 42
BB () RAAE A 00, BOAR AT N RRAE A & AR AL, AS[RAT N BRHIE ) &
FEAAEAL.

x! x; ol

p
X; :
& o o &

@ w | B
B 3-3 =JeHBRERE
Figure 3-3. Triplet Loss

~—

Hermans 55 A 2203 i ootk = Jo 40 (0 RAF J7 U HY 17 IR e = Je 4L 40 2% R 2
KRR iy 7 ARSI GR T AR B . AE R XE = o ok ek o, BN UIIZRAM
RBEHLESE P S0 BIAT N BT NBENLRFE K SRR, b Eboh
& PK KB e X Tzt AR — gk AR, AR R e E e PR AfE ) 1
ASKE R B VR A =T 2H o PRI IR AR AS R os AR 2tk b L i o P AR ) R B 8 A
R B ] 53 473 R PR i R R DA A SR s R i At v b 5 o LR S ) o
NSRRI XE = e AT AR O

P K
Ly = Z Z [max (d(x%x})) —min (d(x%x")) + al+ (3-3)

i=1 a=1
Het, pnelLKlje[LPlj#i. HRSHEAGE-2)HERIIMHEFE.

PR X = 70 2H 453 2% BR B80CA ARt s/ 2RI IIER B L HEOR 7RI R, TS
BESAT NEAR RS AR AR AT B R . R M o o 2H 45 2% oR B307E TR HE = e 2H 40
R HEA B AN R T RS AR, AR FE BT A PR R 0 2H 453 2% eR BN AN S
PR HME = 0 2H A5 % bR A A BRASEAS N AR IS RO R, 3B AT DA RS TH] A2 4 5
AR . N HE T 2H 400 2K R B R e 42 J5) = 76 4H (hard global triplet,
HGT) FAMEEERZA =t (hard cross-modality triplet, HCT) 45k & ZZH 1%
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PR A 4 Jr) = 7 4 450 K R BT FH o [ B Ak FERABE A A 1 8 A RS ] PR AR A
BENLEI P A S AT N, BT NBEHLIE X K 5K ) DL BB A K 5kZ041 R,
AR M INZRAEIR (em-batch) o 3 3 Il Zxatk o R BE— 5K EHR AR 98 mixe,
55 LS A7 A B A e [ RS A7 AR B e R S0 RT 2H il 4 S SRR AR SR AL x9™, T
5 RS TR AR B AP [RI B TR A AR B AP [ S0 FT 2H i 4 Jm) IEFE AR SR AN 9P . ]
M4 Ja) = e A

P 2K

Lyge = Z Z [max (d(x%x7")) —min (d(x%x7")) + al. (3-4)

i=1 a=1
Hrh, pne[1,2K]j€[LPlj#ip# a. HASHGRG-2)TERIHIAE.
JUAE TR M 4 JR) = Je 2HL 452 2 ] DA ) e A B 2 P AR AL R 25 8] ARk, {ER7E
PERIASAT N E U RS [ A A A B K. R ERAT T80 1 IR MBS AR s — o
PR E, HAXKRIEN:
P 2K

Lyet = Z Z [max (d(x%x")) — min (d(x%x")) + al4 (3-5)

i=1 a=1
He, Ba=K K, cpenell,K], 50N, cpene[K+1,2K]. 4, jke
[1,K],k # i
FATE 1 PR X o e 2H 453 5% R B0 ER TR A 4 JR) — oo 4 A PR X B s — e 2L 40
KRB . A IRt o, FRAT R SRR 1 TN HE 4 JR) = e 2 4R A
(a0} A IR 5 A5 = 0 AL S N {0 P e 41 1 TR A T 4L 4 A

k

{xax? 20" P e} FosbaP RGP | o Pl TR R R Sk . IR e

Bk A A S F

+ Lpee) (3-6)

1
th = m (tht

P M 170 2 45 2% R BRI A'F P 2 AT (R A 2 RS A 2 15 5t I /N SR N B
PRI R, Wil 3-4 Prom. bk, WRHE Tu oo 2H R D 204 A PR B I 2k
LERBAR T KEMHAE LT, & TG, R R I
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‘ng” X ‘xign ‘xr.gp
o ° e . @
xcn. p xC!"l P

i i i i

&l 3-4 WAEFITHBRKEH
Figure 3-4. Hard pentaplet loss

3.1.3 REX SRRk

B 45 5% s T AR BCAS [ 2R 0 1) S A5 ., DRI 3RAT A FH & 450 % 24
FHECY AL ER R AR BE T o A A4, AT FERES 1R —1T A
VAR, S0k R EH softmax 112K K EK IR :

2PK
ef}’i

1
L, =—§ ~lo 3-7

Hrp, 2PK FoRIHLIRP I E A B8 f R — 2 8IERZE FC-2 ik 7]
B, fj) € [LHIFRRE jAMME o, m H R g4 N En 14
B y Ao mANE xR SEPREE, RIS, Rt A\ B x 2511575

FEATE BT HPILN AEZR A 451 5K pR Bk ey, JRATTZRIBE 1 PR e oo 4512k
RS B 4 e R, RIS 045 2% R B FRATTFR 2 HPD (Hard Pentaplet and
Identity) #5125 pR%. HPI 532 R B A U0 -

Lypy = Lpp + Lig (3-8)

3.2 K5

3.2.1 LK ESHE
AFEAE SYSU-MMO1 BT N E R AR 48 B 1 HPILN AESE 1 R .
i FH CMC HhZ2 A1 mAP P 3548 22k X P9 Al T P A SR A PR g, L PPN i 72
T HURE T T bRE, £ 132 R IR . ARSI IR T, FRAE
NVIDIA GeForce 1080Ti & 1 Pytorch 1R /& % SIAEZEE o fE A A F & .
AR = FAE AT N IR BT 55 R R4 09 4% S5 F 7R
HPILN HEZE (R RFAE SR BURE B, B RE % 7 BFE®I, Res-Mid*l, PCBUY,
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MGNUT, MLFNMIZERI 2% . T P2 S50 ANTR], BRI P A N RS AR )
BEEWAE, FXARFMZE, RATESF AR T ZRRER A RAR
SPRRFE R ERE, HARSEWER 3-1 iR, fERAEFEDLS, BRITEEY]
REE 215 N3 %107, R B IE M THAdam) AL ZR SR B R 5 2] 2
TR FRATREN LI P AT AN K ko] WG E A M K ska s . &b A
2PK K Fr o LB hERATE PEE N 8, KB N4, FIIIZGHALIR KN E N
64, Ak, FATRHEE TR S B HEAT BE AL BT R K P B 1) SRR 14T 2 e 3 i
PRl s 170 2H 45 2% eR B0 1 8 2 8 a8 0.3,0.6,0.9,1.2,1.5,1.8] 5 Bl 4 38 A BUH k4T

31 B WA RS R4 E

Table 3-1. Picture input size and feature dimensions

e TS i S RFIEZESE
Res-Mid 224%224 3072
MGN 128*384 2048
PCB 224*224 12288
BFE 128*256 1024
MLFN 224%224 1024

3.2.2 SKIGXTEE

9 7 B8k HPILN AEZE MR Re 0Bk PE, FRATTAF B 13 = AR AE T2 BT T Ok
LW 7 zero-paddingl®. cmGANP4. eBDTR[?], D-HSMEW, IPVTI,
D2RLE7 . SYSU-MMO1 % #& 45 £ & DU Ff 52 46 #% =0 :  All-search Single-shot

(ASSS) . All-search Multi-shot (ASMS) . Indoor-search Single-shot (ISSS) .
Indoor-search Multi-shot (ISMS) , FRATX X PYFp#EBEEAT 7M. 3R 32 Bin T
AT W HPILN HEZELE ASSS AU T I SEae 45 5, 45 B B s JRAT I 1M 7 v

(Res-Mid+HPI. MGN+HPI. PCB+HPI. MLFN+HPI. BFE+HPI) ] Rankl .
Rank10. mAP ¥ 5 # i T~ Fodt 77900 JU A R X .G 2H 2535 B £ 45 K b1 £

(HPI Loss) YIZ:f BFE #%Y, 78 ASSS I iE#E 30 N i Rank1 = T BUA & s ks
FE 12.46%

9 7 B4 T L HPILN MRS, A SCHE SYSU-MMO1 Eidls 81 53 4h =
EAE . (CASMS. ISSS. ISMS) Huilllil HPILN HESE, SEiegh R ansk 3-3 fow,
IR S 73 27 b P g3t v

A LA 1, HPILN HEZE7E SYSY-MMO1 $ids £ i DU P 6 i A5 =X i #5301
W, AL T ZAEZR IR . B
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# 3-2 HPILN 7E ASSS R T LR R
Table 3-2. HPILN experimental results in ASSS mode

J7i% Rank1 Rank10 mAP
Zero-padding 14.80 54.12 15.95
cmGAN 26.97 67.51 27.80
eBDTR 27.82 67.34 28.42
D-HSME 20.68 62.74 23.12
IPVT 23.18 51.21 22.49
D2RL 28.9 70.6 29.2
Res-Mid+HPI 40.49 83.61 41.64
MGN+HPI 39.77 79.78 41.12
PCB+HPI 33.29 80.66 35.15
MLFN~+HPI 33.34 78.54 36.13
BFE+HPI 41.36 84.78 42.95

& 3-3 HPILN fEZ7E ASMS. ISSS. ISMS R T LR F
Table 3-3. HPILN experimental results in ASMS. ISSS . ISMS mode

i ASMS ISSS ISMS
Rank1/mAP Rank1/mAP Rank1/mAP
Res-Mid+HPI 47.70/35.15 45.65/56.19 50.79/46.21
MGN+HPI 44.86/34.88 44.06/54.52 50.55/44.90
PCB+HPI 38.55/28.16 39.70/50.49 46.86/40.93
MLFN+HPI 39.45/29.52 36.25/47.99 41.99/38.43
BFE+HPI 47.56/36.08 45.77/56.52 53.05/47.48

3.2.3 S iR BL R Sk ek B A9 1E R

N T BRI I R HE TG AR R A B 4 R AR A, JRATTHE X 48 25 1 AN AR 1)
TEOLT, BEi R BN AN S, DUHCRIGIUE IR0 2% AU LB R . 7EIZ 5K
o, FATER T S 0r8i2 (Identity Loss) « 02k (Center Loss) [k
=JuHMK (HT Loss) WX = uHI R BEL S 42k (HTI Loss)  WNAETL
JCAR (HP Loss) « WNAETLCH IR BER 402k (HPI Loss) SRAFEL, K
ATEE TR b3 s i FaR 452k pR £, FRATTHS Rank 1 A1 mAP [ SEE6 &5 F 21l
RRAEIRIE, Wl 3-5 Fis. BAR, WMEFLCABE (HP Loss) BRI T &4
g, R, HXE= TS, E PCB MW h R B E, RATEH
HP 515 F1 HPT H2 5% JUF e AR R eR B — 1%, X SRR TRAI T (0 IR Fon 4
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PURAEB ST NE IS P — 2 Bk R BCEEH . JFH, X
B 7 R TG 2H A R G B B 4525 (HPI Loss) Rtk — 42+ HP Loss (14 RE .

Identity Loss

Center Loss
= IT Loss
50 _ ~ (| HTI Loss
- = HP Loss (Ours)

- | — [ HPI Loss (Durs)
409 _ | . M o
301 s [1H i
201
107

0 t
Res-Mid ~ MGN BFE MLEN PCB

Rank—1 (%)
()
L | Identity Loss
4017 L C'o-ntc? Loss
] HT Loss
35 - e e M [ | HTI Loss
] = [ ] HP Loss(Ours)
— . M HPI Loss (Ours)
30 | = =
25| ] ~ _
201 i A
151
104
5 -

0 t
Res-Mid  MGN BFE MLEN PCB
mAP (%)

(b)
B 3-5 RREEIXTHLER; (a) Rank-1; (b) mAP
Figure 3-5. Comparison of loss functions, (a) Rank-1, (b) mAP

BEAh, N T SE At IR A [F) Rank SR AR A ORE L,  BATZ ] 1 AR5 K R
HONZRRIBAL) CMC #i 2k, 18 3-6 fron . B 7R 1 Rank A 5 BEAL 41 1) A2
0 2 A2t il 2 20 I ARR IRATTBETT (1 HP Loss Al HPI Loss. 2K, 1
ANEMZE T, FRATTBETT Y HP Loss A1 HPI Loss £/ [H][¥) Rank F& br H #BEUAS 145
SRS

N T IRFEAFR RECT FRFAE A, BT TR T AL (S8 . BAR
H, AL Res-Mid [ FC-1 422 M2 u MBSO 2, T2 > 21 4%y
fib, JFIE HERFAE L B 2 AR AR AR R, IR 3-7 o, MBI R R
HAAFE S AT N R BEAN R R 503 3 2o w6 BB A LA R IR AR 2>
A rle W 3-7 (@) Fras, RSO HRNGREAS, A B RRF AR BEAH B 38
ARSI IR, AERERFE A AR AIINE, R RHE T B 45k R ORE
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N RNEER, RBOERIA R R R B84 . Bl 3-7 (b) 7R T HP Loss il
Zr N HVRHIE M, KSR FERRINGEE, JF B R REERN, X
204 HP Loss Bl 0] DAY /NN ER T, XOr] DAE RRMEIFE . B 3-7 (o) /2 g edin 2k
HPI Loss [FRFEFTMAGES B, B 2R T RTI MR RRBL L RN IR /N
KIEFEBHE K. IF HAHRAT NAEA RIS PR IE B 5 &, X%~ HPI Loss
AJ LLAR] o A ERABEES AR RIS 484k, I HACR B3 .

Cumulative Matching Characleristic Cumulative Malching Characleristic

100 T 1001
901 90

~— F g ]

2 801 3% 804
ey e
] z
I:‘é 70 I:cé 70 1

e | Identity Loss e | Identity Loss

& 60 = 60
.= — (Center Loss B — (Center Loss
= =
% 501 —— HT Loss % 50 —— HT Loss
2 e HTI Loss 2 401 HTI Loss

— HP Loss(Ours) — HP Loss(Ours)

30 —— HPI Loss(Ours) 304 —— HPI Loss(Ours)

0 10 20 30 40 50 0 10 20 30 40 50

Rank score Rank score
(a) (b)
Cumulative Matching Characteristic Cumulative Malching Characleristic
100 1001

90

F) ~—~ 801
80 =
2y e
] -0 Z

=} 3]

22 " 601 "

@ 604 Identity Loss e Identity Loss
B — (Center Loss g — Center Loss
= =
% 501 —— HT Loss % 401 —— HT Loss
= 404 HTI Loss b= HTI Loss

— HP Loss(Ours) 20 1 — HP Loss(Ours)
20 —— HPI Loss(Ours) —— HPI Loss(Ours)
0 10 20 a0 0 50 0 10 20 30 0 50
Rank score Rank score
() (d)
Cumulative Matching Characteristic
100
S0
)
S 80

7]
k5 70
Dfn Identity Loss
g 601 —— Center Loss
o
% 50 —— HT Loss
E HTI Loss

40+ —
HP Loss(Ours)
30 —— HPI Loss(Ours)
0 10 20 30 40 50
Rank score
(e)

B 3-6 NAERAFEK CMC B£Z; (a) BFE; (b) MGN; (c) MLFN; (d) PCB; (e) Res-

Mid

Figure 3-6. CMC curves of different loss functions, (a) BFE, (b) MGN, (c) MLFN, (d) PCB,
(e) Res-Mid
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60 40 1

il 20| g i
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-40 —40 . xﬁ‘
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(©
B 3-7 #RARBERETIL; (a) BRRA; (b) BAETTARK; (o) BT THARR S 7
EAPS
Figure 3-7. Visualization of loss function characteristics, (a) Identity Loss, (b) HP Loss, (c)
HPI Loss

3.2.4 ERFERTA L

%Tﬁ%ﬁmﬁﬂ%ﬁﬁﬁ,ﬁmﬁ%GmMmMﬁ%H&%%W%ﬁ%
fEBOE . Bk, FAT—JL3T 15 A58, 2 5IEH HPL, HTI. ID loss X}
PCB. BFE. MLFN. Res-Mid. MGN Hé%ﬁm)llﬁ, 23015 MERL RIGAE
R 22 I 288 1 ) A% FR I SRR J5 — 2 B A E AR ], R AR ] J T 4
FESATIORRAN, 15 20B0E B S 5 BT S m, 15200 %0E B E 3-8 Fix,
P JER A 2 T e S R R B

= . }; | -
- L | G DG R
- il 55 B8 B
- WE NS R R
ke s 7]
- Sl il Eil B
« I B N S

RGB-IR  HPI (ours) HTI
F 3-8 BFRHEBGE R

Figure 3-8. Convolution feature activation map

PRI AT N0 S ARA 91 2N, AN SRIEAT N 5 X8 Rl
b, BT N B AR ARV X AT R A A N, AN AR B R B AR . 3K
AL T AR B K R $L (HPL. HTI. ID Loss) M5 BURHERTIAL LS J, RILA
FEPEH A HPI Loss 1] LS5 3t 5 BIAS RIS S (AR R AT A B0 &l 2 P X, X
Wk HPI Loss ] LA/ U520, Wi 52 HCB 58 HLA ) R R A
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BEAE, WHRSIE RIS R, AT IO R0 A0 B 45 1) 3 R AR B
Gy WA ORTE, MU S AR A L R RFALL 2 2 A R g

3.3 KRENGE

XS BASAT NERAIMESS, AT T — PP RHIE 2% ST HESE(HPILN) .
ZAEZE RO A s (1D B BB AT N BRI 4T 58 B B S AT N E IR
FAES R, FEEM TiZEms e, (2) BT — M I s oAk e
B, AZA BREORT DL R B A AR (] AR AL RO AS N AR 40, JF HAER 7 0 B 1y
PRIIL B T U 1R

HPILN HE4E LA AE S BEASAT N PO IEF R .. 5%, HPILN $2HiT
B FBL AT N R A W 48 B B AT N RAME S . BT BpsAr NS iR )
EA R BT NFFIEHAT 7 K E R, 1% 3RS KR BRAE T 70N 53 7E Wi s At
AT NE VU RE S DU B 2 R M, AR EERIASAT N BRI RHE LR
HUES BT H B R AR T 7 58 o IR, AR ZE VT (%) TR HE T o0 240 2K o $U B v LA
[ B Ak R ABE S (] A A FIARAS N AR 4, ORI DA/ N N BE B . R SRIPE S, 1A
MERFE SRS A B FE T+ 7 M Y 2R SO . SRR B, R FocH Rk
B B A 8 R I R AR 2 S R AT X 48 (RS B, HES T IR B 5 S AE B RS AT N
U AT AT S N B R AR
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EME EF SREHEQNBEMENEI

E—FSr 4l 7 HPILN PRS- BOHESE, T2 28 DA AT N BRI 45 A
AL SR BORE B, 4 BORE 25 AR SR OB BRI O — B 4K, A E—E A9
HPILN HEZ2 S fp bt — A3k T JLIEE A9 M 28 25 40 . L I8 9 2% 5 g 36 — A
CNN BEBRZ 52 2] ] O BB ZL A B R R R IR, £ — e RE S ERR 1 1 k4%
SRR RS A T R AL ) E

A BV TN T 2R R AR A OO A X 2% o 122 00 2% B AR IE S RORR e
NP EIE, XM EEELS B, ESHAEE, 2Rl L EE
ALLAMEE AT NRFIE . BEAL, RPAESR B R 2 R BERFIE IO 2K, REE AT 2L
MR BT NASFIBAL RFAE, AR B 4y 3t 5 BIAT NI 4HT

4.1 BUBIE LR LT

BT 2R R R AIE R UCH T P 2% 25 K T 4-1 oo 5, U TE WY 2% 1) i
S AN E LS 1) B 58 A0 BR 1) 2 RL FERHAE SR DUSTER AL R, 36— 3d 3 1
AN BEG AT WG EAR, i es — Nl s A B R o A R . KRR
PO HE — B ML, ENNPGSEARE, HERUEAILE, KtE
e Ngr)a, BRI BUSER AT L SR HOA) I R RSN B (R (U RFAE
SR mE 8 > 256 4ERRFIEAI R . SR, X T P ANRRAE SR UL S e H 10 7
AT NIRFIE, BATTEAH — M 28R FC-1 KA HUAT WOEH S ML
AN SIS PERFAE, XF FC-1 B4 3k 4T L2 AL, IR H #2B ik 4
A, IENMLE R 8 AN AR PHEE R — A 2048 4E 1 [m) &, 2% n) f B R (9 585 R AE
N T INERZRERAE G I 2RI B RAENE, FRATGRIK 7 575t h0 ik (HC Loss)
COVRT A7 B R RN SRR A o bl S O B2 2K o B g A\ 48 PEE 2 I e R 4T N 5
Fofi, DNSRERATANI 1 FC-2 A3 85 = K a2 S ir i R I B3R, FC-2 A&
TRHEBRE AT NS B £ NN, BRATR R A4 26 R AE
BRBURI K b AR e
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L2 Norm

Channel

ResNet50 Part Map GMP Convl;‘l FC-1 FC-2

B 4-1 2T 2 0B RRAE I OB IE X 45 45 4 B

Figure 4-1. Structure diagram of dual-channel network based on multi-granularity features

4.1.1 ZREFHERR

Z R FEFFAE B HOE T Wang 558 NU7HE I 2R FEA 2 N 48, ZINRG T
1T N4 JR REAE AN 5 3R AE , R P2 B2 B8 BB PR (AT NHRAE, BRI AS B2 (1)
RS BB 45 FH 22 R R 22 WY 28 1R 150 1

% bl £ 5 AIE A5 B TE ResNet50 W 2 411y SE fik bk A7 oleidt . w0k, A
ResNet50 4% H res_conv4 2 LLETHIES - E N B T4 . R5, — DN RFHE
G SCAPA JRI EBRFAE 73 3 W 28 FEAT IERAE B TN 2 JG o & R R AE 7 S 4
ResNet50 H res conv4 BIEL TR M 2%, 10 A R AR 70 308 res_convd4 iR
Higfa— NERENBRDKE 2 80k 1, T EHXZESRZN T R,
IXFE H 24845 2 R BT AR AR A R M DO A (K58 i R —F%) .
SPLEE 4-1 B “Part Map” #idk o Ay R =ANMFIER, 58— AN S0 2 RRHE
IS, HHEAERE B RSFR N, TS . AN REAE ) S ERE BRSPS
JUSF B R B REAE ] DA BRI BE I gn 15 AR AR, o8 J5 B2 R R RpfE SR AL B 22
(5> B 6] o BhAh, XTI R AR 7 SCAE “Part Map ™ RS i tH (1) RFAE 1A
BEAT AP B EE, A3 AN BRI 20 3AKEE. T RN Y RF ik
BN 384 x 128, KNILAELLEGRZE. WILZM T REEEAES, “Part Map” f5
5 4 RV AE 20 S8 R AE B K /N 2048 X 12 X 4, AN & B AE 29 52 it
PRIRFIE IR /N A 2048 x 24 x 8, 7K-F-73 1 J5 RRFAE R /N3 70l 0 2048 x 12 %
8. 2048 x 8 x 8. ARJE X4 JayRFAIE 73 SR AN Jay B ARFAIE 73 SR 48 3 I A AIE ]
BEAT 4 JR i KAl 4k (Global Max Pooling, GMP) , 3% 3 /> 2048 x 1 f4F
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fE s, [FIA R EREAE 20 2 0 B G W AN AE B R AT 4 SR B KA ik, A5
F| 542048 x 1 4EfEE &=, Kk, 7€ “GMP” ZJ5fiH N 8 4~ 2048 K4
fEmE. B, MH—1x 1 FGREX IR SR ) & AT B4 b 28, %
BAEIA 256 NERRZ, KL AT LK 2048 4 R ) B g% 256 48, 1x 1
R AE AN AT DLFRARRRAE ) B4R, By IR eI T s, 38 v ARl & AN [F)
WG R WAL R . B, 2R RRE AR £ 40— 5K R WS ik
8 A 256 4k IR H S AT S

ARFEIFRE T W2 B R AE AR, AN I8 ) 2 R R R A AR 3 ) B\ W]
WG EUR, BAMEERSN— YIS —8, HESHAL=E,
HEt Y, EETNG)E, HMEENSEESAER . B NEEE1E
HOAT WG G IR, T 58 AN T [ TR LA R R RRAE, BRI AN 2 hE
FERFAEA B B 12 A T S NS 1) & B AT R AE AL 25 4E . UhAh,
MNAEEREE “FC-17 .« “FC-27 RS H TH/MMEEST 5 _2IE=0, B
T A P RE
4.1.2 AR R BAEIR

TR RBAE AL R Ofige (HC Loss) A& Hisk (ID Loss) , &
NIRRZLIE I 35155 R A HCI Loss. 54535 25 BR300 AT LA LR/ N BR S
£ 313 WOV A, AN EENE R OHR R

B—AMT NIRRT FEREAE 25 (B N AFTE— 2K dy, BT aSir NE
WU FF EAC B NS, R — M7 AEIE R AR NS . 55 O 4
2R R VBT B A SRR 2 DA N S PO B R0 () BT BE BN TR T R B, BRI R
PR Hls, P S AR A 3 J RV R AAE 2 B DL R AR, SE RRIB/ NS N BE B 1
Hbr. S OHREARA:

U U M N
2 1 1
Lyc = Z [”Ci,l - Ci,2||2] = Z [ MZ Xi1,j —Nz Xi2, ] 4-1)
i=1 i=1 j=1 =1 5

Hrp, U RN AT NN e Mo 70 IR SR § MT NAERFAE
23 AR A R B A SR A D AN LD AR AR Il s T, 0 o 70 AR SR © AT
NBER § 5K AT WG B R AVZL AR B A AR RFAIE TR B, 2R AR [7] A AR AL R R e i
Loy IENUAGJS 25 5, N Lo IE AR B )2 By kg 5

LIRS SR AR 1475 2REB 57 o o453 R A0 B 43 2K«

Lycy = Apc + Lyg 4-2)

ME— DS FEEERE, X A0 K 8 U X 2R R R A eyt 8
AR AT
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42 LSS

421 XHEE

WREE, LIS E I NEE . JEEMA T, BATERANE A PR
~PEE N 384 x 128, JF HARIIZ ALK E R R 5 =W rEME, &
AT GHER KN EEE N 64, FEHLEEL 4 NN 8 k4 4MEG A 8 5Kk mT I
JeEUE . BATR A SGD bk g s 25, HAEEE N 0.9, 2]
R REGGIEREG MARANOHEE R 25U sh . FIIRATR BV IR S
WK EHAT I, JRIZRPIIES S FR N 0.001, TMika—2SEREZ VIG5 R
WEN0.01. WA, AR Y B > RIS . B UORRATT— 3L U155
80 NI, HI 30 MEIHIIZRNS, I R LRFFAAL, 30 ] 60 ANE L6, 23]
N 1045, 60 ANEHE SRR 10 1% . Sl ORI S B B N
0.5,
422 LIEER

BTATLE SYSU-MMO1 £ 42 b s2ie 25 ik 4-1 Fron . FRAAEXGEE 2
$i/Z (Dual-channel Multi-Granularity Network, D-MGN) [ 454 ., 435
fEARF P OEL (HC) « Mk (D) o B OHBE S Mgk (HCD
BEATXF LG o SEES R B AE IR 2R pR A 1) I BRI R, M ot az s i P e
HUO R PR BEE S BVR R A T H, FRATT R IILAE B ) S o R 0 452 2K R
NGRS, BURAE TR 0.2 FHTE a6, TR s 1 B A Uk,
FEOEEEAEEAC,  FAIE AR 28 DA S R RAE T2 25 T S B 2R 0 T
HAT NRFE AR VI ZR R0 2 I U I R HORES, BRI S BS o sl
K, glERMNENEY, BMEESSKERIZGE, M TEERRRE.

Ak, FATH D-MGN 5 BU@E 1) 2 R4 (MGND A7 X0t FRATIAE
MGN A G0 f E—= i i) HPL it 17 )12k, HERBERER 411
RITIAT . B4, FATAI D-MGN B & HCLFi 2k R i . Hik, D-MGN
5 MGN 7E [ —AN S il 4, D-MGN RS s it —%, 8 M6
HHEf R H MGN — 28, i E B D-MGN 5 HCI #5125 #8 Be /98 R0t A iRl
RPN BARAE ] HC #1531 25 D-MGN [ 2% I 86 B AR 3 22, e B B i di sk 2
JEA RIFEAER, UL HC $K% BT B & B 102K BR A BRI BN ZR I R

FATAE RegDB ¥ 4E FabAT 15250, ZBUR LRI IIEFRHEAE 1.3.2 T
CATEAHAR . SLIas Rk 4-2 fron, 53R 4-1 HHE, AT 7 4007
RegDB 545 LRI 7 775X EG, B4 zero-padding. eBDTR. D2RL.
LEIR S SYSU-MMOL EARML, 7 B s 3 ot o fia 2 i), 5SS 36 25
RABRZE, PR OB R S B R I, BRI PERRTS B T KR LY
eIt LIRS H 50, TR T 2R ERME M XCETE M2, 5508k
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i B SR R o H AR B 3 15 R R BRI RS AN [R) S IR R AL AR R AL 2 8]
HIX GpTT R, P H S BT LA R 4 R 2R RS Do FR RS

# 4-1 D-MGN M4E7E SYSU-MMO1 EHEEM LK &R
Table 4-1. Experimental results of D-MGN network on SYSU-MMO01 dataset

g ASSS ASMS ISSS ISMS
Rank1/mAP Rank1/mAP Rank1/mAP Rank1l/mAP
MGN+ID 27.29/27.60 31.05/21.65 33.47/43.08 38.19/32.80
MGN+HPI 39.77/41.12 44.86/34.88 44.06/54.52 50.55/44.90
D-MGN+HC 1.94/3.10 2.36/1.56 2.49/5.31 3.51/2.93
D-MGN+ID 28.32/31.82 32.66/35.13 34.76/46.65 39.19/35.92
D-MGN+HCI 43.49/45.23 47.72/49.21 46.36/56.43 51.05/57.49

% 4-2 D-MGN M4 RegDB HIEEN LR LR
Table 4-2. Experimental results of D-MGN network on RegDB dataset

Tiik Rank1 Rank10 Rank20 mAP
zero-padding 17.8 34.2 44.4 18.9
eBDTR 34.62 58.96 68.72 33.46
D2RL 434 66.1 76.3 44.1
MGN+ID 26.2 61.8 72.5 36.9
MGN+HPI 46.8 70.2 81.1 40.4
D-MGN+HC 0.49 3.16 4.76 1.29
D-MGN+ID 28.45 51.36 61.94 31.91
D-MGN+HCI 48.93 75.29 83.64 47.38
423 HEFEER AT

T E N RS AR A R T A R, FRATTR I 2R 58 ) 2 R
KGEIE ML (D-MGN+HCI) 7 SYSU-MMO1 136 E4E EHEAT Al A4k . HAk s,
PEHUIGE R LA —5KAT N BIRHIE, THE W BARE (query) HHIZLANEIE 5
AT NFE (gallery) HaF—5K AT WO BRI ARABURE 42 M v 24K PR A ABh B2
BEATHE . FATIREC 7 JLVHE #4742 fros, Hrp el —31 30K
HEWEFT, AMZERMM Rank] 3] Rank10 FIFEFSE R RATKME—. —. Y
FEAT AR R A, 5 =4247 N B A B AR A s v . 28T, FRA 7 20 5%
5 =AM, R I Rank1 ¥ BARTE AR RIS AR AL, ARATTH B R
PR IE, 25N R EER ER, by B R E AR EAX.
T ZL AR AR HLAA BT IO GAR LR AR B AN ], 2041 R 2 47 2R B A 7y SO
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X FHA BRI A —E RN 1T Rank10 45 R KF, B
i B RS AT N FAR A7 AL AN PR 3, FATIAS AL AR AR mT DA ff 1 21 1 5 6 11
N, XD T AT A R Vi 3 N P PR o
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4-2 HeFaTAAL

Figure 4-2. Ranking visualization

4.3 RE/ZE

RN PEREASAT NE R N 2% S5 3 T3 — 2Dt o, ik iR T 2R
REAIE XU TE X 4% (D-MGN) o SEEGIE B XU T8 WX 25 B8 1% 58 4F MU SR EURRAE, 76
SYSU-MMO1 ##54 FHUAS 1 Lb E—= B4R M, £ RegDB ##E 4L F L EfS
TS OIRE B . AT BT T ROEE S L5, i L R iliE 5 ik TR BaEA
BLAS BIRFAE ,  RE08 B0 4 b 2 A RIS G AT N R AR . b4, RO
Pk 5 G BRI, RERHUR I I RUR

SR, RUBTE W2 HAFAE—SE GG . BT AT NS R S BRI = R,
AL S BB A RAGE TR, i ERIEZRET6 Figfr A S mE, 7 H
FEVIZRI R 7 F IR 55 28 10 A7
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FETFUIRBE 22 S SRS AT NEAR BT A

R E EFREMENENSHIRE TR

51315

H1 T £LAMAHBUA AR AL IR I AR B, e AT 3R S A £ A1 BB R ke
@I@%Tﬂﬁl@%%##%ﬁ Rk, fEZE=. WEH, TR
AN R R AR AT — N R R RO B R AERRAE 22 8] sl /s R SR B AR S 22 57 2R 1T
TM%%%¢,*%I@E?ﬁ%%ﬁl?%%i%ﬁﬁk%ﬁ%gﬁﬁu%
B, BAVIRZ NAEREA o K EE I MEREAS 2 R 2 A 28 I 5% 5 K FR) R Ik 42 B
T R, NS S MEREAS T YU B R, I ERAT TS AR AR
CYIZREE R INEOL T, AR AR 22 18] AP AT A7 — S A A (105 A0 P 2 AR SR 1 56
LWL A TR IR A GO, B 5-1 B, AR L8 B A
FEARRFEI RO “BRER o

M

& [ ] [ ]
s ® 90 o0
J, % @

B 5-1 B RHES R R A

Figure 5-1. Schematic diagram of outlier feature distribution

N TR B AT N R A A S LR, RATTREAT — DR AR AT A
R SEse . Bk, DL ResNet50 AyFERtiRIZ%, & BURHES Hi 2 HIRR 4 ook
2, RE SRR HPLBUR R AU M ISR, JATZK 7 2R, IRRAT N%E
AEAE 4 (8] FREAT P AL, Gtk R R AR R S =02 —, T
ﬁﬂﬁ%ﬂﬁﬁkﬁ%%ﬁﬁ%wwoﬁf%ﬁﬁ%%%%ﬁﬁﬁ@@&ﬂﬁ
7INo
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20 g
] 4 > o'.*.‘h
9o . ﬂ&m ..... 3
g e e
ﬁﬁ% 10
0 » qt::' ‘ D'
_20_ "*v*??; i 44444 '.: .
—40 —20-+ .f*"" | o E‘%‘
- Rl *
—40 -20 0 20 -40 -30 -20 -10 0 10
(a) M)

B 5-2 B RREDMESEE: (a) 05K (b) BERLTHREK SR
Figure 5-2. Real map of outlier feature distribution, (a) Identity Loss, (b) HPI Loss

B RN 2 FEAS RS Y (1 I Rl A AN A 0o AR 3 25 80 i SYIR BRI %
BB R AP AR AR s BN BE B B, S EUR R BRI, BE T T
VERE. M AFEAATE ZAEN R s 2 19 oiE, ORI i [ I 255
e BA X SRR EE ). PRI ZR)E 1, RATM AT I ZRA H L
JBAEBR Dy FEAR B LR SRR A L

BN LA BT, AR R R B R LA 014G & 21 By 1k iR B, AR ISR
e P Bl A B A M S FEAAE S ) A AR I RO SEM - AT R A 2R P A SR

5.2 #E B R

b EE WA HLH] (Gradient Harmonizing Mechanism, GHM) & B H Al
U, T BN A TR A 5 R AR 58 SR A SR AE SR Wi e m) A% AR AR R B RR
DAL A H AR A I 55 Hh B s 5 20 2 O I Rats st i, JRATT 1 R
TS EESAT NEIMESH .

AR AR S AR ST TR B R AL I 2 R PR eR B, AR R BB
T Sigmod M5 @47 K R AT o . 0 2RSS UG R OR BRBUE SN

MI_{—wg@L ifpr=1 5-1)

—log(1—p), ifp"=0
Hor, —ikEBEd BRI LM S Y 5 IZRR LT h Rl x, p &R
1% x R BHBREFRG, HBUEHN 180 0. p LBk %,
R S p = sigmoid(x). fERIAEIEFIERE = p(1-p), (RIFEERIEL
YU 21 52 S IR E D -
OLcg _ OLcg Op

ox dp 9x (5-2)
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SRR EOR T, FFHARN(S-2) AT 15

oLcg  (p—1, ifp*=1
= i 5-3
0x {p, ifp"=0 (5-3)

8 S A% 3R AR T RO BR I s (5-3) s, tboe SRR AR K Oy g, He
EWAR

dLcg

1-pifp =1
= = —_ * = 5—4
g=l—1=lp-7pl { (5-4)

p Lifp'=0

i AR FEAR @ REMWFERKIAE S FEL : g BUNERBE BN %, ‘T
DFEAR; IRZ, gBRINGHMERMR, J&THEREA, EUIZRR B R K g 1)
SRR AN T AR & T B

WA, BRI R K E G AR R KRR, I TE ik H ok
Pt LA EEBIINAUAE SR R R A E o O 1 AE IR A [R] IR e/ X S AR AS AT B R A
HIOGTE T S FETTRAR 5 A AE 55 22 28 AR RS S A B ROAE A R, BB P B AL
il N3 T A o 5 5 in TR AL A1) F SR S A0 S T IR Rtk b B B 2 1) S A A B
B R, RRTT SRR BE R 70 AN XA, BAIXTE) N BAALE SRR 3 L
e AEAUR PR AP R AR 3 . BRIEH T GD (@) AN

N
1
6D(9) = g);6w<gk,g> (5-5)

E¢,N%%W%Mﬁ¢#$%4ﬁ,&ﬂmmﬁﬁﬁﬂgew—§g+@%
BRI AN 1L, (9) = w, BI(g—3,9 +5)XEIKKEE. Hik, 6D(9)&
INBRFERLR Y g I (R RS 2 T
B, WA SR O B DABS BE R B, RIS T B R AL I 8 4 SR ok
(Lgum—-c)» HAXEEN:
Lomyc = c LCE(Pi»Pf)
— GD(9:)
ENZRG 1, SFEARME R S HBE B LR A . R, Rk
EFR DB B R, S/ Sy A AT B B RO 0 RAB R DTk, AT AR Y BT 22 5%
T2 R TSR A F .
9 T 80 B R B AE S AT N R AESS T, kit — P52 THI 2R
ROR, BATBE 7 —Fh 2 T06 S UM RATL ] £ B 3 43 2k «

(5-6)

Leum—ip = (1 =p)Lip +p- A Leuy—c (5-7)
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epoch (5-8)
max_epoch
Hr, LpRoas Sk, pfORIINGHIBEE,  Lepy -cRAN%T softmax HIKHSE
PIANLE ) KRR R E, ARRE . SR N, SRS FEER S,
251 1) epoch MUK, ptiBkK, 1 - pWE/N, SR REH IR HERE, B
PRI EE BB RN, T Loy - HI B ERG I R SRR BT IR 2, 0 R LAt
FHAR FE B AN R 23 AR R N, W2 AR MEUS Sk . R D9 i 2k B S R s ¢
BT ANBE I e Sy REAS, 5 T L B 3 5 R BEAT BN 2k, FF HAE I 2k
YT A H B T B L B

p:

53 KI5

5.3.1 HEEKARL

N TIRFHEG FEAR) A TE DL, FRATTRIRE AR R FE A AT S 1 I AT Ak

T, FRATEL ResNet50 M8 1M %%, FEHBLIE T softmax [ & 451 5% BRI 4K,
£ SYSU-MMO1 ##m 48 it AT )12k, PRIORA 5 A E Toe 2H 408 2K e 308 77 2
PR SR A A5 2R BR A, AT DI 256 8 SRR epoch 1/, B BN 100 HIHG ¥ ) %
WHE N3 X107, EF Adam NIRALET, HLIKK/INEE N 64,

RIG, GG RE, ATA MG R FE A AR A, fE
SYSU-MMO1 £ S Il gh e BalbAT A vh 5, SRR B2, it
FAZMAR B, AR KT S T, B EIR S & 34167 K.
H T AR H &0t 7 softmax BREBLSS, &2 7E0, D)X A A,
DA FEE A A PR AR X TR N o FE ST EEAAC I I, AT TR IR DY 5 TN
FNERE — B AR HER DR AFBE BEAAC M, IF HLIX 73w OGBS A2 4
A, imgiit i X [a] A AR ARG I A RIS R A B

a, BATEE A A iG lsl BE 5-3. ATLAE Y, AEBRIIZRE] S
WEI e, ZFEAR(0~0.1) 5 1T 24, I H B HE 50(0.9~1) B2 A 78 Hh TR B 1)
FEARBE ZR a2, e 7 IRATHIAEI . At #h A N BRI
P, LLAMEARE S T W ARSI LU AERE K, 1 B 20 A A 1Y) S A i H
MESEZ 8, FORAANEGHTHREL THE., SOREERE, FECEAELD.
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Figure 5-3. Sample distribution of different gradient length

5.3.2 SEEGXTEE

T SRR TR B R AL A £ £ A 451 2 AE 85 B AT N EE TR U A A%
P, FRATEEAT T X RESEES . {8 ResNet50 & T M2, 3 a4 BI LA Lopy —c~
Lip Logy—pTiR %k, 76 SYSU-MMO1 $#84 Fib4T 1% B T Ik AR
—FF, HRWHHNE 3. FH Adam LS, IR EENI X107, B4
WAL A 64 5K Fr, SR INZRFAIAN 30, Logy —p AL EARE 10,
B L ppg - R 75 B2 DL R %0 10,

FALE All-search Multi-shot (ASMS) U AT LLAL, lEe g Rk 5-1
Flos o 45 R WML F Loyy - IR BRBOEAT I ZRIT, WA RU S A
Lepm —-ip R RBGEAT NGRS, M TLpA T — 2 B4 F

# 5-1 BEWANIHIZE SYSU-MMO1 LffsEi 4R
Table 5-1. Experimental results of the Gradient Harmonizing Mechanism on SYSU-MMO01

WIRFA Rank1 Rank35 Rank10 mAP

ID 30.36 44.2 50.8 21.12
GHM-C 1.6 6.1 10.2 1.3

GHM-ID 32.16 46.08 52.16 21.52

Seak, BATE NG FE A K Rank1 26 AT 2K, 0l 5-4 froR, REARER
BRI epoch, ARFRI> 5 IR Rank ] K5 . BATE BN ZRILFE S,
B F Leyy—c ) ResNet50 HEAURE B — HARMK, Loy MLpEVI R —E 1M
AARBE B, {HRETE epoch2] HIN BHA — AN KR T .
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[l 5-4 FREVIZH B A Rankl /L
Figure 5-4. Changes in Rankl1 at different training stages
5.4 KB

BB TR EE UMLK S Bk s, (R AE Y ZR I R R A
o2 WRIER SR K A, RN AN 22 SRR R R I ZRER TH A K
W T GIBR R LM T30, BRI 5 B AS A8 s (K 33 A 2 AT H
59, SEYRWIFE ResNet50 Ay E T HIM L LA —E Tt
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6.1 B\&h

bEE LIRS AE . S9AREMAE R FEA UL, PR R4 & S BT H bR
NPT R T 2 AT N E U R T M EUR S, R T AL T
e HVR A7, Tan4 325 B W 5 B 4 P 285 Rl e 1 R R A S 2 REAL
I, RIS B AT N B U B B IS e % WA 3 g kA ]
WICHAG K« LLAMEAG SN RS8R Sk, X AG k BT AR R B ) AN ]
TR RN 2 R AEE K. TIDOCEEG AR FEEREGE. 8ORERE, A RGB
SANETE PR, SR AT WG TR AR Sk AE R B PR A TG 0 45 23 I A 1 1
T AT AMRAS Sk AN HRAZ TR AZ K W AT DATE S 0S R TAE . 20 AMRAS kAR YR 252 80
RS ANEAT R, BRI A BB A B E R, FEHRE 7o MEaE
G, DIKEEMTE A7 EUE . BUEHAE AR I I A HOR A A AR
HEAZZAIFTH, HESOHEGE R, KT RGBS 80H.
AL, FEPS RIS I B N ICHCAT NI B 2 Ak AR

BRRT, RN A3 T IR 2 S B AR B S AT N IR A S T — 5 K
R, ARRIEABEIE BT HER I RE . A TR S W T =M EE, 1
PERIASAT N E U B R R EUS T S R R . AR SO B TAEERL N =4
J5THI -

(1) &t 72T WA e 2H R AR 52 BHE S8 (HPILN), i HESE B A mAs FE
Gy TR YE TR BRE 2T o IHE LR DA B RS AT N R Y 2 AT
T BN BSAT N BT S PR SRR SR U B . T BB AT N E U 30
A WG EIHAT AR s 34T T B 1T B0, FH BG40 28 9 25 R 0% o 47 R SR BUAT
NHHFE. 25, BP0 HREUGTF RHE &, FRATBRETE T —Fh IR M Foo 4 R A
Jiik, WGt Tk EAECR AR — AW e . 5, BATEE T —HF
HBR e R K PRI XE F G R pR B . AR R R BOINTE TR S S L
T TR RRE B . B E,  FRATSE B 4 2 oR B K IR LT A AR R ek B, S
IR — B8R TR, R HAEIZ iR R RE R T BUA W S BB R

(2) Wit 1 3T 2 hi FE R AE B VOB P 4% o 1% X0 T8 [P 265 158 FH 7 AN R A B EX
B3 Sl B BORT L EHAR AL AR AT NRRAE, PR AR 2 U 1 25 44 A
F], AHRMESEMNI AL, AR AE SR BB RE 23 AR BOAS RS [ 40 15 4
fEo HeAh, FRATHVRFE S BB H AL S — A 2 R RFAE 20 SO A R S8R AIE 3 3
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Rl B 2 JR R R AT R B RS AL £ 05 3R] AR B 22 R R A R PRAIE S BB AT A AN IR
HBAL S AN RPBEE R TRF AR . AEBIUR BB T, FRATTAE D 5 o a2 SR 0Bk B
AR R R ORI AR . SEIE I, ZBTHE SRS AT N E R I A JF 8 5
HIE B 7SR

(3) WTFT T 2B BB A B 0y 32 5% oR B e S A 2 AT N EE U3 A b 11
BOR . JAMIHT T SR AR R R AR ARG R G (B 0 A, A3 T SRR
el e e ST = o7 RSN VA Ve 8 N s G SN AN Y = T R A o
TR EBIRgsie. VARG RIRE — BRI gR, AR PR AL R B
IR KA, BB A MBI SR R BRI G L, T el A5 A6k
GyREARN R s . SIS EE IR TE R, B R Ph IR AL HI AR B AR AT N R
A R T

6.2 RE

ARSCHEH B I VEA BT B A AT N R A R G A v T e Tt
R AT IRAEAE W] LUtk — D4R T+ A 58 38 1 Hh 7

(D) S = KB RS . HEfOAFFMEEEEIT AE I SYSU-MMO1 Al
RegDB #4582 AR 2 A1y =+ sk B4, 1 B o] W% B bl izt & 20 4h
BUE . B SEAFAEREAR D . A EMEGL, FEON SRR RLLE R % 0 7 T
AFE—E WM. FEJG 221 TR, 8BRS T, (R Bk
W 2854 U 1) SRS AT N EE U B s 4 28 e S AT N B R B B SR 2 — A
ATCAZE I ) WUERAE AR A B T 2R, AT DA 2R AR S s 1)
PEBLASAT N IR ER4E

(2) A SCBETT BN 28 5 2% lE R B o i B iml i, A I — iR & oA
FIREES PRI ), AR IR Eevh 52 BRI 1 & Fag AT AT B Y 22 52 F) 55
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