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. 17 AEHG(RelD) ETEE SRR TR MR E AT N AR . NREAT NEERIN 2R RHE Ik — 25
PR R JE AT IS A S 1) 1) R, 3% SCHR 3 T ONN A TransFormer 2 RJ¥ 22 14T A HAR B 7 (CTM) #E4T i 5t
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Pedestrian Re-Identification Based on CNN and TransFormer
Multi-scale Learning
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Abstract: Person Re-IDentification (ReID) aims to retrieve specific pedestrian targets across surveillance
cameras. For the purpose of aggregating the multi-granularity features of pedestrian images and further solving
the problem of deep feature mapping correlation, Person Re-Identification based on CNN and TransFormer
Multi-scale learning (CTM) is proposed. The CTM network is composed of a global branch, a deep aggregation
branch and a feature pyramid branch. Global branch extracts global features of pedestrian images, and extracts
hierarchical features with different scales. The deep aggregation branch aggregates recursively the hierarchical
features of CNN and extracts multi-scale features. The feature pyramid branch is a two-way pyramid structure,
under the attention module and orthogonal regularization operation, it can significantly improve the
performance of the network. Experiments on three large scale datasets show the effectiveness of CTM. On the
Market1501, DukeMTMC-reID and MSMT17 datasets, mAP/Rank-1 reached 90.2%/96.0%, 82.3%/91.6% and
63.2%/83.7%, which is superior to other existing methods.
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XQDA%,
HTHBRAZE WL (CNN) BT i ResNet ),
InceptionNet™, OsNet?), FEGEAE AE T M 25 MK
BRI N T RHER R . CTL-model 7E
R R SR PO AR N RHIER TR, RIS T
B % K 5 (Centroid Triplet Loss, CTL);
MFENTH 7 AR 750 FRIEERER 7 SR = 1)
Py SCH U I 2844 R, PRI 38 1 2 R0 R
FRAE. BEARCNNAR Y AEAT N H 1K il S04 RE A% B 7
ANEE SR, HSFEMRA M (1) CNNALAHE
ZHORVERERE, SNSRI KOS R . B
RSP 5] NREWEAE — & FE B L 22 il axX Fh
e @, AR AT SR ) T SGTE R B X, FEANRE
R RCNNAL AL 1 R ) @, (2) T RAF A 2 PR
i HERRAE I 2 B) 2 2R, 2R 0 e
20174 Vaswani®s A0 561 H TransFormer
W2 H T AL %, ST4ER, (A TransFormerk
SE A GEAT 55 O — AN R 7 7 M. ViR
URUEBA 7 24585 28 K, TransFormer4h #4154
A LA B b Sk ) 1 4p S8R5 . TransReID!™
UK TransFormer W 28 4544 5] AT N R 51 A3,
P H PEEIBA R (Jigsaw Patch Module, JPM) Al
{5 B R\ (Side Information Embeddings, SIE), LA
WGk = AR B S B RRAE, (RN ek 2D AR L /PR B AR Ak
WK RN 22 . Hi2, SCONNBAAHE, 2T
TransFormer R F 2R T Js E84FAE, I HLk
ZEWBAL. RER. B ES5RE, XfEfH
A CNNERUATY 2 o EHA AT 55 1) 77
XTt, A EEFE R AT DACNN S TransFormer
XM EEAR LS ah AR, RGP 45 R B A
mo Conformer™ PAAZ T A1) 77 Rl & A ) 73 H 2R
IR IR A A R RFAE s PVTUUE H — ANt i1
& FIE AR G A W, [RINHEREAE
HIit5; HATIEE CNN+TransFormer5 4 5] A
AT NE RIS, 2 R B I B R S A (Deeply
Supervised Aggregation, DSA)KIEHE G KH
CNNPM 28 1) Z IRRHE, 85 5] N —Fh2E T Trans-
Former R IER AERLEL (Transformer-based Fea-
ture Calibration, TFC), ¥ TFCHAEIFAE X
RRET, PRORIRTHR AL MR . SATMHATHTFC
B 53 HE S I AN AT R AR 2 R AR WS R AH 5%
P, 0BG 2 R0 BERFIE I 2 2] RSB 78 50 1 B B o
XFt, ASCAESCHR[16,17| G KT, $fEHET
CNNAMITransFormer 2 R %7 > 47 N B R 1) 77 1%
(person re-Identification based on CNN and

TransFormer Multi-scale learning, CTM), CTM
B & — 37y SCI 28 454, FIH T CNINI 25 1L
F(RimEeI. ERE . BEERA), FR R
£ 1 TransFormer M2 L3 (BhAFEETT. &R
EROCRE. BRIz AR TT) . CTMAL i 42 )
I RERE D FHEG T AN, 3%
SCHEARR], MEALHE, JRBCGEINFE K2 HRE
k. fE2RC, HResnetfR A AR R
JERITE SUE BB R IR R G 3H, 9l
A2 T TransFormer FIHRFIE L AR H (Transformer-
based Feature Calibration, TFC)!, jEik M4 5
IR AE B = 35 Bk & T 2 RIZRHE
FERMIE S 73 3, SRt — AN is REDEE I &5
W45 M) (Feature Prymaid Branch, FPB), #&H(FF
BEANFERE ERARRHE, HAMEH IEAZIEN{L
A, BESAT R B A AR AR VR J2 5 A WS AH DG 1
M e % A 2% 32 32 BURFAE 1 2 RE 1 . B ) AE
Market15011%, DukeMTMC-reID!"”, MSMT 1720
Bt b IRIe g RIIE T AL A R, A
fEmAP, Rank1 P IiHibr B K2 MG 5.

2 AL

A3 NHCTM, B e HAR S 2%
R REARZEH s AR5 ELAR A 4R M 25 1RO UR JE 3R 5 03 3
FHIES TR 30 IR RN ERAE s B M 2%
Hh A FH AR 451 2K BRI
2.1 MLRLER

BT AT I 2 25K 1], 1% 2802 — N353 3
W2 45, AR5 % (global branch). KER A
73 (Deeply Supervised Aggregation Branch,
DSAB). HHiE4 7355337 (Feature Pyramid Branch,
FPB)H . &R, VAT KB E A, €
FAResNet501F 3= F M 28 2 BT NRHE .

REERA 73 33 T TF OB I 2 RBERHIE,

JE YD I B 2 REERFE MIS R B R BRI R A -
S MRes2, Res3, ResdflResHH #E BUAS [A] ] ) /2
RHIE . SRJ5, ¥ TF CHLEUE N B 2 ORHIE
H, TECHEHR T8 & 24 B R RAAE B SORI4E ™
G, N RIERHEAE R e 5.

FT ResNet50F T M4, Rk 730 H
JeftiRes3, Resd ™ i 2 R AE S N 3] <5 7 BE 45 1)
H, X EEPR R RHIE AT DA UG o ORAF BE 22 1) = B
fE. RIGEZNE R FIERHEG M, BRI
P (self-attention module) R FEAl I, EIEIEAZIE
ML #4E (orthogonal regularizer ) AR 2 REEAH
KYER[EIIS, Nk 7 RMER 2R RN A
A AR ) 3 H 2 I AR 1 2 TR A A P AN [ RUE
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FPB
. Self-attention module
. C‘ross f)rthogonal regula.riz‘er | L[F,.l;)l;\{el
‘ Soft orthogonal regularizer | ...
—» Training and test f_part
====% Ounly trainin -
— Nearest intefpolation Ly
—» Max pooling
pooling Reduction
Global
= Xy X,
— — - > —>‘—>‘ > 31BN Neckf Lt
Resl Res?2 ‘ Res3 Res4 l Resb L3
DSAB TFO——g—— C —>TFO——> C —>TFC os®
DASB Concatenation DB DS pAss
auxiliary, auxiliary, auxiliaryy triplet
Bl 1 A SO P 454
E]/‘] 3@% ’ U\ T @J Lﬁﬁﬂ%ﬁéﬁﬁ:ﬂﬁ%i j(#% ﬁE Ig E'(J Reshape —» Neighborhood
RFs b3 i3 2 x 205K Sk R A P o 4 |
—_ R o R uxiliary loss .
Rte g, @l rrmih. BEYEEIE 102448 >
e 256 4L 10 &, Ak KAk Mtp
2.1.1 RERADXDSAB A
TN RBIAE S, BALE S, . =l
PURFAEREAT (] B B e S BUE R RE R R, AU \
JRBRIE TARGURAE A5 S BB XS IkdE THAT, :\1? Trans Former
‘3 I )\‘];T%}g gé % ﬁj\ (D SAB) ’ ﬁﬁ g *ﬁ‘}g Hﬁ ;FEX EF%/EI\ Bottleneck Multi-head attention
AR, GRS ZRR AR 1E SUE BB Y i) l
TFCHREHUR 2 URFE X 2, X3, Xafi NTFCRELHL 1, — TQ TK TV
N N R 4, N Ca IS . L.
VE AT 4 JR 0 I 4 e S A RUBE AR AE, AR5 2R L Foeton
SRR R AN RIS E, A9 F — R R lmLJ "o
> A
Eké)% %E’L\L ° Flatten * 2z

WE 2R N TFCEI S5 F B, X T 28 s 21
JZUAHIEX s € ROHW i Oy, H W 43 Bl Ko
HHTRHIE B @ E H = A . Bottleneck H
— RYNVERZEPA Y, @it bottleneck ¥Rk X e e
FRRFIE RN o RBEASAL R B3 R AN B PEAG (B |
KFEL R, H s 2 CRSE U B 30 A [F] 1) 20 P
X, MR 42 = [ X Z,1] € ROACm)xHXW,
Horh X R Sl RE R Z RHIE, Z, R E—R
FETFCHIE s ARl . &5, Jot Z, T 2D
FEHZE € RV Cr, O 3R i 2D B iy i
B, NFRUIBRRECE, ERIR R B AR I
NN = H x W/P27 Cp=Cs+Cs_1 x P?, Hrhp#k
INREIRAN, RXHASP =1, Ra NEAHEN
CIRs N DA § /AN R gl 1R = S v T PN |
TransFormer !,

TransFormert) & £ kL& /& (Multi-head
Self-attention Layer). 1M %% (Feed-forward
Network). H—EMIREERE. EHATEENE,

& 2 TFCHitR

EHERIE, fN R 2 i i 3 Fh
RAFR A E: EhAE q. #E k AERE
v, —HMYEEEYA512. {ETransFormer™, T4l
WRHEAE R SRR X S B B R . (A, & T CLS
token, ¥ TransFromer )% HERE /N E B S
NI AR R RN, SR T N B — /N A3k i R AR
(neighborhood adjustment module), H H—241H
AR —IREREHS . FIETFOR ) R 2

it

Z; = Conv(Reshape(TransFormer(Z?))) (1)
BEAh, SINHIBIRIOR E R A, AR

FESRTFCAZ B il SUE B ISR, 1AM B0 2k i
A8 XK A3 TC AR A B IR R G 7 ST
H AT BLRIR N
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DSAB(X1, Xo, -, X,) =
X1, n=1
TFC(CA( (2)

{DSAB(Xl,XQ,~-~,Xn_1),Xn)), Hoft
Hrp, CAFRIRYIK.
2.1.2 HEEFESX

BEE AT YN R, DSABHHTFCH b & 2 HE
B IFAREA R MCER SRR AR WS B AH G o X ik,
AN FIRHE 4 755 70 X (FPB), 53A
GERIANTR], ASURHIE 4 7 BE AL — Tl ) 1) 5 RBE
i, TEVFEE IEHORERS IE ML R E R, AR
B AR AT B SRR D 12k [] B V2 25 2 0 28 1 i o

WELFTR, FRIES T30 3 E T M 25 Res-
net50 1) 5 37 M2 4 )2 3R BUBR IR IEAE A 43 3
BN, HT IR EGRZ R R A AN E 5 HEE,
WEP ZFPNHEAEIX N 25 REEER:, | BT
K F i 4R34 {E (Nearest Interpolation), 38 HIRFE
BRI, B R E SR 2 x 2/ K itk (Max Pool-
ing), PAMESRBUNEAEEIRSE . [FE, wE s
TSk B, LT Resnet H1 5% 22 45 M4 1 [ %
Ff, #RFPNHELEE FRIFIRAE, v SR A
A BA X I B

FHIE f_branch A4 pliad 12 4

(1) #H NG — 4R
(X;), 1=3,4;

(2) HIEAMAME TS : v, = Convy (attention(ys)+
Neareast Interpolate(ys));

(3) & Kbt itk & . yr, = Conva(ys,)+

Downsamples(y3) ;

y; = Lateral Filter

y1, =Convy(Convy(ys) + Max_Pooling(y;-,))
+ Downsampley (y4);

(4) £¢#: f_branch = Convs(yy, ).
Hrpr, Convg, i=1,2, 5BRIRA KGR IER A,
attention F 7R VE R AIHLH], ZOCHR[21] R &, A3
FEFPBH 5] N 5 B AN 4 J5 v & J) (Spatial
Relation-aware Global Attention, RGA-S)fli#i&
5S4 R & J1(Channel Relation-aware
Global Attention, RGA-C), MZ5[E](GHiE) A B IR
KRR SRAE, AR e RS R .

FFAE £ branch £ id - 34 i A4 $8 4F Fs 1 1 £ Pk
23201024, B2 f aveg. f avg—HIM&L270HIE
NMEMEN T E (Adaptive AvgPool2d ) # RFE B B#K
FERE3x1, MMREAT3TCABURT R, — &t b
UL IS KR AE 1 8 7 B 3543, R DI
R ERFAEAS 2 f_part, BEATIDHURHITHE, BAE
BRI EREME B AR, ST NETRGIME R

2.1.3 IEXIEN
ARSAEVE R ISR B A, A
FEAL G IE AL IE ALY (Soft Orthogonality Reg-
ularizers, SOR)MAZ X IEAZ IEM4L (Cross Ortho-
gonality Regularizers, COR). 5ZFEMZESOR
RAEVEH T Bk Re AR 1], T AR SCH2 H I COR [A] i
B PR AE AR, PR IE A IR A # A A ELAE
H, LR INERRE 2 5 1 o
fE G IEAZ IE A (Hard Orthogonality Regu-
larizers) W AR [ TEAS PR ™ B 290, Hob A
W T 75 S AE 7 fE (SVD) o {H X T & 4EHFAE,
SVDITHE R AR B i), ®hith, BIESZIEN{EA
KN—MAAT I BERITR . AR b, i B
TENME FFU R 26 A BOR ISR E A2 IE ML I RR, 1%
SORJE XN
Lsor = S| Xa(FF") —

A (FF1)]] (3)

2
2

Hor, BREBL Na(FF)FN(FF) 5352585
K F FT ) KRB A g5 /N

X IAEAZ WAL (COR) 1) TAEJF # 5 SORE
L, AR[E A& COR IR B I 9 e A0E B F A0 F ™ 1
AR, S AN SR B AN ROR,  BERE IR A
FALE . ANFEEE B ER Y, WE LR, Ed
RN ERAE, K PTR HFRAN [F] AR G — kS
K, BN S AERRHER],  FER A IEAZIEN
WA EBE— DI IS BURHIE R 2 RE 1, RERS B 2212
FHEAI I PERE o
2.2 HKEH

FEAT NI A, RIS B R K b
BRI ZR, FEFLAHRAE. ASCfE
FHID#5i %k Lia (Softmax Loss)~ PN #E3 70 2H 41 2% Liwi
(Hard Triplet Loss) A5 2k o B0 R I 2R 2%
[FIES, o 5 AR5 kA7 1 5:4F (Label Smoothing,
LS), IDF K R Lia v

N
Lig = — Z q; In(p;) (4)
i1
1 N_ls 1=y
i = N T 5
! {5/N, HoAth )

Hodr, NIIGREE AT NN, pofin th BOAT A
B IS, yRom AT NS I R SER (5 B
N (5) KR by #EATLS B AE, et — MU
BN SE, AXhee=0.1,

EZJC IR R B L b, B FrafE Frph—
XFIEREARE, B R ookl B Frno — X SOREART, 3%
kA 4zl (6) o
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R

2 %

45 %

Ly = (da,p —dan + )y (6)

Hrt, dan, dap/WZRINIE . FUREASS [PIAR TR 5,
(2)4 = max(z,0)y, aZIZ&BEE, 2a=0.3,
gx EPnR, R mECN

Liota = Y _ Ly + > L+ > LA,
i i j=1
i € {Global, DSAB,FPB} (7)

Ha, XARERTF, XXASA=05, 4Bk
Lo FHAE SURSH SR I3 TG LH 0 S 2 %

3 SLIGRSHT

3.1 RS

SERGLE3AN A T B R FAT B R

Market 15015045 £ & 7575 46 K ¢ il AR 4R
FI, 6N RGN 501747 AA132 6687k
R . RERSTIMT ARIL12 9365k A,
MR T50MT ABI19 7325k B A o

DukeMTMC-rel D% 5 £ & DukeM TM C 117
NE T4, RSN G LR 404MT A
36 4115k Ao i, IGERERET02MT
AMI16 5225 B, HARRI 70247 AHI17 6615k
AR AR 4 .

MTMT 17504 42 2 H A 5ok 1 B il Bodf 4
ZHIRERER ISR H4 101MT AN, st
126 4415k Ao IZREEA 3 06017 N, 532 621
sk A AR EEH 3 06017 N, 593 8205k
Fr, Hod 11 6597Kquery #182 1615Kgallery .

3.2 AT
SEIG R AE R4 9 Ubuntu 18.04.6, {1 fH45k

NVIDIA RTX 3090 GPURJ TAES:, 247924 GByte.
#FPytorchtEZE, i HResNet501E N T M,
EBAE IO G — 2 TR RERE, R
EIERK /N 9256 %128, 8 BAREIITEAL . 7K
PR AL S R BE DL BRAE B G w1 7% . I 2%
B, batch sizet N64(16x4), ffHAdamfliib ik
BEOLAL IR 28, W06 5 2] % N de-06, FHFENEE
WoN0.0005, SILIZR1804 epoch, FERT104
epoch™, Hwarm up learning, % >]HEK 5
4e-05, fE[50, 70, 90, 110, 130, 150]4 epochfi,
I Z 43 & [1.64e-04, 6.40e-05, 2.56e-05, 1.02¢-05,
4.10e-06, 1.64e-06].
3.3 SRIAENLR

1E FIRSAERAE b, i3 i L& T
£x(CVPR, ICCV, ECCV) e Jiikilt 47 b, b
WEERWMRIIR. 5K E (mAP) R
AL o R (Rank-1) FE bR R PPN RS 1) VERE

B 1FTR, fEMarket1501 84 £, CTM
fEmAP, Rank-1F545 73 15 2190.2%H196.0%,
mAPFEARLL0. 1B T I iF I &5 5, (H2 CACE-
Net 5] N T B RFAE ST FF AR . /£ DukeMT-
MC-ReID##E 4 F, mAPMRank-1%) 53k
82.3%M191.6%, KMEemseHAL 77, FEMSMT17
AR, AHLLT B AR R I 5 4 I CACE-Net,
CTMAEmAPAIRank-1 L4385 71.2%, 0.2%.
TE3N IR G, AR SCRIRILE & Fhsof 1 724 1)
PR B T R AF TR RE, B R E AT N E R
FIHERF R
3.4 AL

K3 FH Grad-CAMA B ] AL S5 R, E3(a)

%1 NESAEA T IR E ERMAELLER(%)

. Market-1501 DukeMTMC-reID MSMT17
ik tidh mAP Rank-1 mAP Rank-1 mAP Rank-1
MHNB CVPR2019 85.0 95.1 77.2 89.1 - -
SONAI ICCV2019 88.6 95.6 78.1 89.3 - -
OSNet! ICCV2019 84.9 94.8 73.5 88.6 52.9 78.7
HOReID® CVPR2020 84.9 94.2 75.6 86.9 - -
SNRE CVPR2020 84.7 94.4 72.9 84.4 - -
CACE-Net™! CVPR2020 90.3 96.0 81.3 90.1 62.0 83.5
1Sp®! ECCV2020 88.6 95.3 80.0 89.6 - -
CDNet! CVPR2021 86.0 95.1 76.8 88.6 54.7 78.9
HATU MM2021 89.8 95.8 81.4 90.4 61.2 82.3
L3DSEY CVPR2021 87.3 95.0 76.1 88.2 - -
PATF CVPR2021 88.0 85.4 78.2 88.8 - -
A 90.2 96.0 82.3 91.6 63.2 83.7
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RFANEF, E3(b)2&fdi H Torchreid® & 21 i Baseline
ML, EI3(c)—KI3(e) 4 Bl CTMM 4 4 5
I3 IRFER A 5y SRR 4785 53 3t REAE 1)
PO, B XS s, RN IR 2 %
HHZ . fHE T Baseline M 2% 47T N B B9 #843
X4 HL O B S EHE S, CTMRERX
WHEAE BTN, Be A E AT NIIFeER, X
W25 AR IF IR 7T o
3.5 jHEHSII
3.5.1 ARIFZITLILERAF M

Fe2J@oR T AR 3 S LI 45 R rsgm, 458
ERDSABEHATH M IER IEMI{LEAE, [FRS 5]
NS (25 18] 7% & IR ERRGA-C(RGA-S), fEmAP
MRank-1 F42TH0.7%410.6% . WA FHFPB,
mAPFIRank-1A8& F82.0%M191.2% . 5 3E#ER 4%
HATHIEE, CTMMZEFIR AR K KIET, .
3.5.2 HIRHE T SLITLE RAYS N

RN T oy BRI X SR IG &5 R, 455
EREREE B2 3550y, T R K ) R HREE )
A AT B — IR TS, I B R I 4% P i i
I, HREIBFRmAPFIRank-17/EDukeMTMC-re-
IDE A5 A F82.3%F191.6%
3.5.3 IE3ZIEMMLIT IG5 RSN

FATE I E M B IR T AN A 1 1EAE 1E 4k # A
P SEEG SE R, AT LU BI7E CTMA L HA i
FISOR, COR#:ME, mAPHIRank-148 bRt 2k /)
MHEFH0.6%, 0.8%, [FIHFfEDukeMTMC-relD# HiE

(a) JiE  (b) Baseline (c) Global
B 3 Market 1501 4R 4 AT LA 45 SR

(d) DSAB

£ EAUEHCOR/SOR, mAPfIRank-14 5l #2 7+
0.1%, 0.2%/0.3%, 0.3%. {ESORFCORM HAEH
N, CTMM %% Befs ik 2 iR MERE .
3.5.4 FERRXT LI LE RN

KON T VE R IO 20 45 R, 45
BEHEHARGCGA-C(RGA-S)fEmAP M Rank-1_|
$T0.7%, 0.8%(0.6%, 1.0%), JRAEAEIR L T Tt
WIgg e . RN, R IV EBCE AR S E A B
A R EEABOR PR A AR R, AR SCHERseNet
F582, 3, 4AZFFPBEE ) [F] B # F  & JR,
WIS 0 £ e TR A5 B AR PR g
4 HRiEF

AHRHCTM, EEIHBEER > REE

% 2 R4 XTSI 45 R A0 (DukeMTMC-reID) (%)

Branch mAP Rank-1 Rank-5 Rank-10
HAT(Baseline) 81.4 90.4 95.6 97.1
+DSAB 82.1 91.0 95.7 96.8
+FPB 82.0 91.2 95.7 97.2
CTM 82.3 91.6 95.9 97.5

T HRIRE U %93 3

F 3 HHRBE XL L5 (DukeMTMC-reID)(%)

Part-Level mAP Rank-1 Rank-5 Rank-10
+2 part-level 81.9 90.8 95.3 96.8
+3 part-level 82.3 91.6 95.9 97.5
+4 part-level 82.3 91.2 95.4 97.0
+5 part-level 81.8 90.2 95.6 97.2

< 4 IEAZIENLRTSE8G A9 520 (DukeM TMC-reID) (%)

Method mAP Rank-1 Rank-5 Rank-10
HAT (Baseline) 81.4 90.4 95.6 97.1
-SOR, COR 82.0 91.2 95.8 96.9
+COR 82.1 91.4 95.6 97.2
+SOR 82.3 91.5 95.6 97.1
CTM 82.3 91.6 95.9 97.5

(FE: +2oR AL P U 8, RS T #4F)

5 BRI LI RSN (DukeMTMC-reID) (%)

Attention mAP Rank-1 Rank-5 Rank-10
HAT (Baseline) 81.4 90.4 95.6 97.1
+RGA-C 82.1 91.2 95.8 96.8
+RGA-S 82.0 91.4 95.6 97.4
+Attention on backone  81.9 91.4 95.4 96.9
+Attention on FPB 82.2 91.3 95.9 97.2
CTM 82.3 91.6 95.9 97.5
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B3 RT3 LM, i/ MEID B R
STCHI KRR, e CRALSR A, I 1L S I8 FIAFAIE
AR, A SO 32y SO rh 42 JR 7y SCAR IUAT
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