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Abstract  Person re-identification (relD) aims to match the same person across multiple non-overlapped
cameras, which plays an important role in surveillance video analysis. Recently, with the emergence of
large video benchmarks and the growth of computational resource, video-based person relD has been
attracting alot of attention. However, most existing methods do not make full advantage of rich spatial and
temporal cluesin the videos. To be specific, the consecutive frames of a pedestrian video are highly similar,
but the existing methods conduct the same operation with the same input resolution on each frame. As a
result, the existing methods typically produce highly redundant features for consecutive frames. The

Wk H B . 2021-12-08; TRk A H . 2022-06-09. ARG 2] FH 5 H AR =Rk 4 B H (61976203, 61876171) ¥iH). &E X,
Mt A, EEAFRAAECH AP . BRI PLE§2: 3. E-mail: ruibing.hou@vipl.ict.ac.cn. & &I, 1, #F56, " E
TFEALY 2 (CCF) & 51, FEMFFRGHON MRS . BN . YL, SEm GEFEMES) , B, SlEe, hEiFE
45 (CCF) 461, FEMFRIM NI ENMY . 17 AEIRY. E-mail: bpma@ucas.ac.cn. & &, L, Al#Ed%, FEITEISES
(CCF) &6, EEMRGE AN . AT AEP. Wtk W4, SR, PEIFAIES (CCF) &5, FEAF5 M
AR . AU BLEAE S



32

A
e

it " i

redundant frames easily focus on the same most representative local part, which may be difficult to
distinguish the persons with seemingly similar local part. In addition, it is common for recent methods to
improve the accuracy by introducing more operations, which is not conducive to deployment in many real
scenes. In this paper, we present a powerful and efficient video person rel D network, Temporal Multi-Scale
Complementary Network (TMSCN), to extract complementary features for consecutive frames of a video
efficiently. Specifically, TMSCN is built on a multi-branch architecture where each branch has a specific
input resolution. High-resolution Branch processes frames at origina resolution to preserve the detailed
visual clues, and Low-resolution Branches with different down-sampling rates are employed to
progressively enlarge the receptive field for capturing global information. By feeding consecutive frames
into different branches, TMSCN can enforce consecutive frames to focus on the regions with different
spatial scales. Such that the diverse visua features can be discovered for consecutive frames and finally
form an integral characteristic of the target identity. Furthermore, since low-resolution images contain fewer
details, a small network is sufficient to extract its discriminative features. While high-resolution images
contain richer details and require a larger network to process. So TMSCN uses network structures of
different capacities for different branches, which can reasonably allocate the computational resources.
TMSCN also shares the parameters of the same stage for different branches, which needs no extra
parameters over single-branch video relD networks. Furthermore, we design a Multi-Branch Batch
Normalization (MBBN) which uses separated mean and variance for BN layer on each branch. MBBN can
ensure stable training and maintain the complementarity among branches. At last, a Cross-Branch Fusion
Module (CBPM) is proposed to successively propagate the global and coarse features of low-resolution
branch to high-resolution branch. In this way, the final multi-scale feature contains both local details and
global complementary information, showing stronger discrimination ability. Experiments on three
benchmarks, MARS, LS-VID and iLIDS-VID, show that the proposed method achieves state-of-the-art
performance. Specifically, it improves the performance of existing video rel D methods by about 4.5% mean
Average Precision (mAP) and 3.1% top-1 accuracy on LS-VID benchmark, validating the effectiveness of
the proposed method. Moreover, by down-sampling some frames to low-resolution and using small network
for low-resolution frames, TMSCN greatly reduces the computations, requiring about 65% less
computation cost than most existing methods.

Keywords Video person re-identification; Multi-branch architecture; Multi-scale feature representation
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ARG, nE 2 Bk, CBFM BHIRAHE R0 37 BRY
SRR e IR R o ol W1 BU B A K & 3
fEfE, S—1 (EEaPeR) o SO a TIA
FEHRETAMER, Al — 2 RET ARHERR.

Guo % NV RV E 19 25 B BEAR BOR
[ 50 AT NHRAE , F A 2 B 4 AF G T S
Rk (N (= S W Y =Y Ok R (T SR RN |

ST UfE R, B, CBFM BHErHER 3y |k
V18RS AIE A 47 SR 408 1 43 9 536 0 SO TR o7 8 1) A5 FRL Y
Bt b, XHAHREZO R e TR A HAARORUL, 4
E KNSR E— L+1-k BRI B 2 /Y
FRAFE. RO e RWWC S, w e 2 B3
RFFIEIE A | B8 A I AN 50, CBFM K E 55 k-1
NS0 BRI B B HRRAE ( RN O BT ENG. TE
KA -

Y- K CBRM (K, FEER) 2<k<K) (4

OB R BRI YR 2 8 k-1 S B AR
TR B, A AR k=140 S B & R AE

ALV TS 40 SRl A B, T RAERY
573 SR #iHe ( Cross-branch Fusion Module based
on Sampling, CBFM-S) 3L & J1 i 7 SC il
i ( Cross-branch Fusion Module based on Attention,
CBFM-A) . 45 TR0 T LI 4.

(1) FETREEMES 73 SRS, CBFM-S XA
[Fmi [l —7 B R RE A TR G . Wl 4 () Fos, 4%
FAAE 43 3 B R GE 18] F e RS TRy e RV
(ChTHRHAREN, ATERTF R ER L+1-k ),
CBFM-S 15Xt F $00AT I R A 45 1 4 I A 4% 2]
heaxWeg xe KN, KGR FREEERIERS
Fo BonzE A, 52185 5 B RHE.

Y1 = unsample(Fy ) + Fy (%)

(2) ETEBE N R A B, A8
fi] 51, CBFM-S ZAHL 1 HH QB MITAE 7 Y 23 [ AN %] 55 3
%. Gu MG, AT AN U A R
IR TR A B AT AR IRR, SR A kA
TERZZ M (REHERAS | 1 Rl g/ ), ARz
) 2x B A 4. filan, 181 5 (a) HARSs
ot £ AE A AT Y (] — 57 B 6% DX 300 531 0k B Sk 3 7
S CYARAR WA TE S MR X FF I, CBFM-S 23tk
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BN [FR R R AR Al A i — B, 7E— R Lk
T AT AR R WERAE . A% XA )8, A et 1
EFEBNMES L MA (CBFM-A) HLHl, X4
AR xeE Rz B B R IE A T A

P T3 AL 25 114 v 0] 2 R F P 1 — 2B (R
SR, B A [ 2 L B A 3 R e Y
AR, i ELA AR ] 26 WA R AR ELAT B AR A AR L
K5 (b) ATHAL T4 k—1WibRa o S 55 k Wi g
(7B B ERAE AL, AT DLW 22 3 2 ULA ] 0 [X ds 5t
LT WS AR, Ik, CBFM-A AREWIE{E R
F4) R AL A 512 R ) — 3 2 7 AN [ i 1 5 £

RZESH (b) WihiiEAE S K-1E g

FASBMTH IS FARXT Y 5 AE AR L P (T A M T,
CPFM-A RELEAH LB T 2 A7 2 7] —
PR X 38,

K5 g5

CBFM-A 45 tnE 4 (b) s, Bk,
2 5E A AR 4y IS IE B R, e RV T R e
RS S T 1] 43 B R Ey e RS
I Ey y e RV C RN SRS E, Ml By, (17
WA 23 [ B A s AR RIYE . 2 5 softmax bR
BT 5 R E AT AT 0 — A5 BRI PERE [ Se
Rm&%&xmwk.

(6)

T
et S5

(Ek—l)iZ(Ek)jZ

o, o AR AR DU B A3 A S 4. R
W) 7 237 A — R B /N AR B R, AR R
HIE Z3 46 PAE D BULA e LA A7 . anfEl 5 (b)
s, M H— NG o, MR S Geig
0t A7 38R I8 M A9 ] 50 47 18 e A7
B, TR SR G 5 S E E,
FE, . W3 6 IR 5 /R, (S); #RT E 5 |
MES B 5B AL E I RREA R, B, X
By ST ANOLE, LL(S) 1E N E SR | AIMAEEAYAL
q, X E BT AL E R RRE AT IR R, 45 2%
JNE ) il AR <
Z = Z(S)ij (Ev); (7)
J

SRIFH TR 2 36— NI Z,_y e R e

IS B, AN R0 GG 5 RRRAE, AR R
KB ARRFAE RN

Yia =R(Zy 4+ E¢y) (8)
Hrfr R 7% ( Reshape ) #:4F , B HFEIETRHE N h_y x
W4 xC R/,

4 EF TMSCN B9#saiT A= IR 51
V=2

AR, EAUT AR IRANT ST, A
ALE T MU F, 156 RL K A ] Bk &)
GEREAFIFEN; RIG 5 B EAF 50 A R
TMSCN. B FH—A (EmEAHER) 5T
BRI, W A0 S I A 6 BURRAE & i
14 )R ¥4k ( Global Average Pooling, GAP) 75
BN H BIRHE 8] 55 s X T A 1 e 71 0 R A 1)
2 HOF YA BN R AE . FEYIZRBY B, AR
2% B USURRIE T e, RITIRR R T R BRI
28 ST E

W2 4. A SCR FE RS 4 | mageNet™
I ResNet-50M 81 T M%4%. ResNet-50
A5 DA T L B B B, A T 38 K ARRAE 1 ) 2R %
B, ACH ResNet-50 4% 8 J5—A T AR K B i 45
KIE N 1. TMSCN (14> 298 7F ResNet-50 I,

Fop s —A (R HER ) 70 S 56 % 1) ResNet-
50 £, AT I SCRUCGE A BRI Be g . A

SCH TMSCN 1953 340 & ResNet-50 A5 R
i BB, IR R e — 00 SR & — B R B
Bt. 430K ResNet-50 (19 BN #2442 H4 () MBBN,
J¥ CBFM IAEAH SR 73 3 Ltk 7 85 43 SRR il
HEITAY. 8T TMSCN BB ITAY, Ay
FZE—AH BT IR I HER R Baseline ),
{8 ResNet-50 DAk 73 HE% o B — R HCRFE. (R
7E ResNet-50 Ab B it b it (4 77 5532 35k 5 ( FLOPs)
S p, Al LLIHE T ResNet-50 B R 3/2/1 A FRI B
Ab 3 G Y FLOPS 4314 0.52p/0.29p/0.12p .
5 — M N AL 51, Baseline T 2211
B Np. TMSCN KA [R] ot f# R AR 2 AS [R] 19 40 9
2, H s BRE KWIEERFER (s =H/H ),

TMSCN %E%ﬁ%ﬁé’ﬁj%( p+0.52s5 p+0.29s5 p +

0.1252p) ( CBFM Byt & 5 F5iF 42 BUAY T 8
AT L Z AT ) . A LT Baseline, TMSCN Ui
/NT (75-13s7 - 7.258% — 3s5)% i1 A
AL E], TMSCN M5 B 2 E i s 1)
NG, (R, Y s /M, A RR S HER
EUR S R KT NG R, IATHHEGER, N
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M3 R PE RE ™ R R, AR SCHE (s, 5,8, 0
9 {0.75,0.5,0.375} , 1 LALE T A FIOKE B2 2 [] B A
R, B, TMSCN #YHH5TT#5{U2 Baseline
) 35%, HENS AT ORI 51 1 5 i .
KPR AR SCIEH0 (P A48 R A 58 S
B, WXMEREA =T B FIXT LB, A7 A H R
AT AR R 43 254T: 55 . Zheng 25 AR 4 T 28
W SR IR T TR0 100 2% . 5 SCAR 5 2 il
A NP I 265 B 197 A HIME R 5 B AR A
FAgITAt, AT
L = yolog(p,) ©

b, po AR R LS B A5 A PR T c R,
ye R A AL,

UK B —E M AR IE AR AR T
AR R AERE A = e B R BY XA H ARk
A, FE— DU GRAL U P PR H B F o e f) TE AR A
RS f i Y SRR A 2 R e AR

L= [ gty aCfer T i dCfa )+ 0] a0

Hoep, f,, fo, f20500 HAsFEA . IEREARI G
FEARRRHER &5 P(a), N(a)ail&x f, ra
IEHEARNRGEGMITA RFEARNELIES; d()
FORREIEE ;o WEBHAS ERREARRES
B, &wHEHN05.

T BAREEA, =oAL E—A
EAFEANT. Hou % NBEZE QU A5 N B ST 45
FIAXE AR, X b0 O FE i A LR BEAR
FRTA I IEAAEAXS, BT,

L |Og EKp(d(lal Ip))
3 E
eP(a) ZneN(a)UP I( ( a’ ln))

7 22 B RN R 45 1o 1R = AR (%8

Wi . IRk LR IR ) BEA N4, L

ARAMET, ISR R 2K 1 R 2 RO
L=l + 4L, + Ll (12)

2y 1 2y 2 PR A8 %A 02 O B B

5 SCEGISIE

FEATY R, A = AN TR T A R
Wi Al b e A xd i, BuEA SOmEMX TEA
TiE R, Ak, ARTRIUT — RIH RS,
Bk 7 ARSI A IR B AT R, XS E
SRR T ST

(11)

51 HiEE

RS, A SCHE = A PR B A T N
PR SE . MARS 341 | LSVID %
1 iLIDS-VID #d 4 Bt 17505

MARS H8 402 55— A KB L84 7 AN R
BRI 6 MG LR, 1
£ 1261 M7 A, 3 17503 M AL A BE I 3248
AT B Horr, BT 51 F- 3545 58 .
£ 1261 M7 A, 625 M7 A TlZ:, 636 M7
NH TR,

LSVID J2&filt $2 H i — A R B A 7 A
PUNBEAE. AR — 3 E T 15 MEEk,
3,772 M1 N, A 14,943 M AR A B, &
A FFNF-A 200 T, IR S 842 MT A,
BUFEEAL S 200 M7 A, WAL S 2,730 M7 A.

iLIDS-VID ##E4E 5 300 ~47 A A 600 4~7
NFH), Hhf—A17 NAE AP35k 1751,
Fg—DNEIIEEA 71 M A B SR A
iLIDS-VID 6 & 8 2 F il P A RS M. 53¢
BRI, A SCRERLEER 150 MT A T4, H
AT AT,

TEMM bR, A SOl i B IC E R i 28 CMC
FT- I 2 mAP T4 i PEfE.

STESFRIE. Al Pytorch®IE A 4R 5, 7E
fid & Intel(R) Xeon(R) Silver 4114 CPU @ 2.20GHz il
NVIDIA 2080Ti GPU il 55 # EAT 52 56
52 SCIGATS

IZRWr B ASCRA Adam SEFFIILALAL, 3t
Y&k 150 M EIA . WILRILEE ST R R 35x107%, A1
Y5 40 MR IR R 10 5. INZRfl /L R/
Hy 64, HE 16 M AKG, BAEHES 44
AT R B, FEINZRIT, Sy A B9 9080 e B iy 4 B N 3%
FAI), I HL A — W 32 LAAH R P HER R A, PR,
XFFRA AR, DL 4 WOA R BEBEYLRAE 8 MiE
B — A B AR SR FH KT 380 2 o B ML A2 o 1
BRI 22 R AN S T S A4y
MK B 4,5 A 5T HE3R 7 51115 Ry { 256 % 128,92 x
96,128x64,96x 48 , r &N 6. WIRE A FFIRULI ,
AR SCERINAE 3 T W o Sl A . FE
MARS $udii 45 I, ff 152 SO A = Je L B R B A1
fk. 7EiLIDS-VID 1 LSVID ¥t b, fdi 128 LU
AU VR B A LA, ARG B AR R AR, A%
SCIY A S IR A0 2 IR S B SR B 25 . BRI
T X TR, AR SCARR FH 2 1 5 A BEALF
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AT T BURELHE, JFA TIX 5 ISR A1 45 5.

MR B, 5804 PSR B R A R) , AR Sefd
L2 R e o L B L W = o S S X L 3
WA R 2 A K MR A B, SR 5 AN 2k
i) TMSCN HE BRI A BB E R | 5 B
FI AT e B B RRIE SAEAE S D L I A A R 70

X F A B R (query ), THEE ST
A (gallery ) FEAEAI A SZARRIME; 2R)5,
HRYE T HH R RAE A% 52 A AL X i A %) 46 3 1L A3 1
TTHERY, ok ARl e A, 3R 3 H bR
H .

53 588/ H&EXt

ARG A SO 5 S B A T N TR
JriE AT H A X H T i R B el £ TR 2
W, WA THEAEA ) % QAN
DRSAP, VRSTC™M; 3T 23 LAY J5 3% : M3DI,
vaD?® | GLTP?, 13D, p3pB®, STGCNM,
AP3DIY | MGHI® | MGRAFAM; JF i i) B #p i
RT3 . TCLNet!®, BiCnet-TKSI®. Xif b4k 5 0
F 1, ACRHA TMSCN 5 AR £ 4} A RIAR L1
KB T8 AR

* 1 SUWBWITAZIRF AN (RAXHZE (TMSCN) HERNEE—1T. EBRMGEDRHUAT=H: £67

BWHE (S), REERGZE (ST), MEEMEERE (C) . GFLOPs R ERI I — A2 S IEE R D
- GELOPs MARS LSVID iLIDS-VID
mAP top-1 top-5 mAP top-1 top-5 top-1 top-5
QAN!*2 1.6 51.7 73.7 84.9 - - - 68.0 86.8
S DRSA[?? 4.1 65.8 82.3 - - - - 80.2 -
VRSTC 7.4 82.3 88.5 96.5 - - - 83.4 95.5
M3D! 74.1 84.4 93.8 40.1 57.7 76.1 74.0 94.3
v3D# 77.0 84.3 - - - - 813 -
GLTP# 78.5 87.0 95.8 44.3 63.1 772 86.0 98.0
13D 83.0 88.6 - 33.9 51.0 70.1 - -
ST P3D® =41 83.2 88.6 - 35.0 53.4 71.2 - -
STGCN™! 83.7 89.9 96.4 - - - - -
AP3DI 85.1 90.1 - 73.2 84.5 - 86.7 -
MGHU 85.8 90.0 96.7 - - - 85.6 97.1
MGRAFA!M! 85.9 88.8 97.0 - - - 88.7 98.0
TCLNet!®! 4.1 85.1 89.8 96.5 70.3 81.5 92.7 86.6 96.9
C BiCnet™ 1.9 85.6 89.8 96.6 74.3 83.1 93.0 - -
BiCnet-TK S*! 2.0 86.0 90.2 96.6 75.1 84.6 94.5 - -
C TMSCN(ours) 1.4 86.2 90.7 97.1 79.6 87.7 96.0 90.0 98.0

53T A2 G HEARORN 3 T s 23 R A O R A 1L
TMSCN HA T &R s D it Bors. T
A5G BTN T I 25 AL Y O vk LAAH [R) A4 2 B R
K] £ 235 g Ak BATLAS F 30) BF) — T, Z W T RE AR T
JUAR. TMSCN DAAN[A] B 43 3 5 R ) 265 4 BEOAS ] 1) 32
S, (L REAS PR BON JR 0 51 42 5 i B AN R, B

W— 2 REEAT AR, MBS B4 i P RE . A
T R Ss R A7 19 77 MGRAFAMY ) TMSCN 7&

MARS %4 45 1 top-1 #2F+ T 1.9%, mAP 27+ T
0.3%.

M 10 W, TMSCN HA b TCLNet! 5 f1-fiy
PERE. 76 LS-VID #idE I, TMSCN B mAP #£7F}
T 9.3%, top-1 KT T 6.2%. TEAER KRR

FFEAE T TMSCN LA 558 {14 o 1] 1 M A i )
HARR UG, TCLNet 19 1 & MR bR AE 4 i
EVERRE, VTR E TRMEN R RBE T,
A, TCLNet R & T FREERHESEH, TMSCN
I R PR35, R SE G 2 iR
HORUBE B ANBRFAE , 75 3] — A TS 1 22 R R,

MF 1AW, TMSCN EA I BiCnet ™ H 41
PERE. 7E LS-VID 4L I, TMSCN Y mAP 27}
T 53%, top-1 KT T 4.6%. XEHT (1)
BiCnet {XAX % F& T P Fift JURE (1 A, i e B 4
ABBE SIABR s TMSCN (12243 32 4546l T 22 1) i
ZEMTEE I 2 ROBE B AN ARAE ,  EL AT TR Y i 1) B b
PEARIBE /75 (2) BiCnet fifi 143 7 10l 3L 2214 BN 2,
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SEEI 4 AFE; TMSCN #2159 MBBN fa5E
THEARI G B2, PRE T 9 SZa BAME: s (3)
BiCnet & JH fii B A i A =Xl 5 AN [R] 43 S O R AIE 5
ifif TMSCN % [l AXF 584, it T CBFM-A
BHL, HEAT A A 4y SRR AL A

AT 8 T TMSCN 584 )5 Emita
FF4. QANIAi | GoogleNet™ ey 3= T M4 , AAT
LR/ TR, M LT QAN, TMSCN /N T
0.2GFLOPs i1 1, Jf H7E MARS 5l e 27+ T
ik 30%(1) MAP HARIL TG BRI 28 dAE Y
AT ResNet50 1 1 M4, JF7E ResNet50 -
NN A 4 A A B 2 AR R b [N b G e
BT E R S T ResNets0, 75 & KT % T
4.1GFLOPs f4 i1 % & b B B0 4% i . TCLNet!® 7¢
ResNet50 [ T —AE & e i 3 PR st
Be, HA 5 ResNet50 #2413t 5 . BiCnet!®a it
R AR i AT %) 23 F R8N TR TT4S , Ab B — i
¥IT5 2 2.0GFLOPs. #tb2Z T, TMSCN i i i F /)N
W 2 Ab BRAG A3 H ot HLA S R TR, Y
T3 BiCnet #515 70%0Y 1155 & .

54 SmEEERESENG S

AR TMSCN 4 H g q7 A7 31 1) e WARAIE
BT AT ) 325 252 Mt 4 BCEL A A RRAE , T R — > 52 3
FIFT NS, SR, A TR iR, £ A
B — A R ENERGEE, H— e
TOERE, SIE(S B RENS FHR S B X 4 2 ULAR 2L
FIAFEAT . e, ATLL TMSCN S53UA 1 ahifE
WSS G, T E R B AR & R R AT A
JF51) Fe WA IE RS VERRE I BE 11, A 7E MARS %k
PatE LT TMSCN 5 AR[R SIE @RI AL G2
Je B HERE.

R BET 44H A shVEdR )2, AP3DIY,
TKS®! NonLocal®¥#1 TGCNM™, H:rfr, AP3D 1 TKS
FT 3D HBREE P& ; NonLoca Fil TGCN |
FHE S 28342 P 5 B s (5 B S T fj ke I
AL A B A — A B4 PR DU RS ER iR A
#| TMSCN HEE GBS, 4558 n%E 2 Firs.
Al LB B R A ORI A TR R I8 S
5, JF Hagtg it — LA RE. filan, AP3D Al
NonLocal 7 mAP 43 5l#& F+ T 0.3%#i1 0.5%. X4~
ZE UL T TMSCN 557 1) 5 #4325 Pk
I, JE AT N TAERE#S LI TMSCN 1R
R BB ) B AL, AR AIF oY T SR Y S M A
Bir .

F 2 TMSCN+Sh{EREEERE MARS HiEE LATEEE
(Param R RIEBHMEHE)

1R GFLOPs Param. mAP top-1
TMSCN 1.44 23.5M 86.2 90.7
+TGCNM™ 1.44 23.8M 86.4 90.7
+TK S 1.44 25.1M 86.4 90.9
+AP3D!1 1.46 24.4M 86.5 91.1
+NonLocal* 1.46 24.0M 86.7 90.9

55 BEBITAZEIRAAIRKA

ASCH) TMSCN Befg i FH ) 5 T KR T AN
PHTS B seEl b, ek G H ek, 4
HAEA TMSCN AN SZ s A ART7K TMSCN 5
—NEERTR (i ResNet-50 #2 BURG4R4F ), L)
Kot i 0 G AT N IR 5 WL BT L. X L4
W3 3. 7 Market-150113F1 MSM T4k |, AH
b FREUERAY , TMSCN ) mAP 2 34T T 3.1%7
4.4%, top-1 7342 TF T 1.7%F1 2.8%. PEfERHE T
IAT)F TMSCN 1] LI BRI 2R EE B, B
—ANEERERFT NEAE. AN, TMSCN 5 fiir Jo it
MG AT NS P A0 EE Ak 1) T 4 i ko, it
— B IIE T AR SO R BAR AT N E UM 55 1A 8K
PE. {HJE TMSCN I 21 E5 8 R BT 55 il — 4~k
FEIE S5 AN TR .

*3 SUBEGITAERAGEMRENIEL

Market-1501 MSMT17
Jrik GFLOPs
mAP top-1 mAP top-1
PCB+RPPZ a1 81.6 93.8 40.4 68.2
=4,
IANet!®! 83.1 94.4 46.8 755
OSNet!®® L0 84.9 94.8 52.9 78.7
CtF® ' 84.9 93.7 - -
CDNet!®! 86.0 95.1 54.7 78.9
=41
PATI6Y 88.0 95.4 - -
Baseling'®? 4.1 85.2 935 54.5 76.8
TMSCN 5.6 88.3 95.2 58.9 79.6

56 TMSCNAIF{EE289FA

AR = BRI AT ) B e B B 2 ik
AEFRAE. SCEL B, SR — LA, R IR
KI5k A0 F e K WU e B, X a9
Wi B, TMSCN AR YR I K e 4 A o3 B i
FrAb PR, SE T AR, PR Sk K UEA BoAb
P, BERE 51 & T DR 8 21 42 Je AN [R)RLEE B AR X
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B, PRHCEDRLRE MR, [, R A i Sk i
(EFRITE AR F K ) B, ) G i s i
[E) P A TR A 5 22 S AR Akt — 25 =F W AT NI

ZE LA, ARTTIERH T DU AR AR B -
PN A st e i Bk 5 ORR A0 I s A AR AL, i A )
B 35 2 P it Pl RS MM AR L B — 2
PE. 6 BN T IEMESEIREE 1 iS5 M4
TEATSEARRIE. T OISR B, BEE s 0] b i 384
AN RV T2 6] B REAE AR DL B 2 AT, S8 iE 1 Ay
T 252 T P8 R R ) 455 A B T A R 22 5. TR 3
T iR E{EE, TMSCN H AbEf gL K i, o%
JihiZE 22 K MR AFAE EL AR 5 [A] Ik S A R B R T K
AN T T, 4 Tl 440 A T 5 i 1 22 S AR R A

1.00

095
= 0.90
=
Z 085+
=
<4 0.80

0.75

0.70

12 16 20 24 28 32
wilRIFR M

T MARS Ui 48 |, LR b i IR 51048 1
TS5 %5 M43 AE A B2 AR AU Y 2 1

K 6

T HAIE TMSCN it {5 B A sk, 5IA
TS iR, TMSCN-PV #1 TMSCN-PC. 455
— A L WA, TMSCN-PV EAIL e 225 145 1 i A
L Mt A8 IEFE B 5 TMSCN-PC 7 5L R A4 45 %1 43y
LA L K WA H B, SR R HILERAE A
FBER) KO B . SCe sk ange 4 pos. nl
PIWEEE], TMSCN-PV f top-1 Fil mAP 43 5l &A% T
1.9%F1 0.7%, Bk 1 iP5 B ARk, X & T
U I It A st e P 22 s, S 60 T R X Az B 1Y)
ASTR] A DG A TR DX s, DTG 25 2% T ) X3 P
T M AR AT Sk BB I L9 26 & . TMSCN-
PC 1 top-1 Fil mAP 23 5IIBE(I% T 0.4%7i1 0.5%, ik
T AR R B AR B B AR B A X R
P T AH BT RRAE TE A AL (&1 6 TR ), K AH 418t
B FNAIAR A I, CBFM-A RESFI F 4R AE AH L1
RS 0 7 57 B A AR T[] — SRR DX, 7 A T
)l A 5

FIFIA T P HEBAEAY . TMSCN-RV il TMSCN-
RC. #E— Lg%, TMSCN-RV ¥ 37 $E51 L
Wi ; TMSCN-PC ¥ J5hA WA 555 43 A 244 B i 4k

K R4S B, AR5 336 7 HES A BERY Kt
% 4 fiisn, TMSCN-RV Fil TMSCN-RC W5 7 5
TMSCN 4R RE. X2 A7 A iz 8 HAT JE
PR, WP RRUOR B TR, R AERE T A AR T
FERLR I e o, IS 22 i FR BIPERE. A T
BROTAE , ASCHERE T UM B S i B e )

*4 HFEEHNENM

i mAP top-1
TMSCN-PV 85.5 88.8
TMSCN-PC 85.7 90.3
TMSCN-RV 86.0 90.6
TMSCN-RC 86.1 90.5
TMSCN 86.2 90.7

5.7 iHELEIE

AT o 7E MARSEUE 4R R B — F 4 i 51
RE T TMSCN & M A R, BESIAT
— AN B HERE A ( Baseline), f#i/f] ResNet-50
M7 SRR — WA RRAE, SRS 18 i i S 2t Ak
B L WURRAEAS B UBUERAE . e v R0 DL AR () B 40 9%
F(BRINH 256x128 ) AbBRATAT MO AT, I HLAE
iS5 TMSCN A [R5 2 pR AR HEA T I 25, S il 56
gL 5 PR,

%= 5 TMSCN 7 MARS £ E{ERAERSLI8

1R GFLOPs  Param. mAP top-1
Baseline 4.08 23.5M 85.2 89.6
BiCnet® 1.89 27.6M 85.6 89.8
TMSCN-S 1.98 23.5M 85.8 89.9
TMSCN-BN 1.44 23.5M 83.9 89.3
TMSCN-CBFM-S 1.41 23.5M 85.7 89.9
TMSCN-LF 1.46 26.3M 85.4 89.9
TMSCN(-CBFM-A) 1.44 23.5M 86.2 90.7

AR, AL T TMSCN #4352
A CK) W FRPERERIR . T ResNet-50
05 4N B, H TMSCN £33 U 58 U8
— BB, P TMSCN 145 R4 S Aok s
4 TELERANFR 6 Fn. MR 6 il LIERE] (1)
FEAIE IR PR LIl % ResNet-50 1/34R BEWS $244E
W BREEE . MR /2 W%, SR 192x 96 41 ¥
., top-1 ALK T 1.3%; SR 1 128x 64 53 4% | top-1
{LREAR T 2.6%. [A] A SR AR 43 B 5 04 i A\ K i/ )
TIFETTEY, 192x96 70 BERFRAL T 44%091 3 TT 44,



14 g e A BT 22 J)UBE B AMRHAE A B T N F R 43

128x 64 [ T 75%H T FF4AY 5 (2) K/ANAYHI A
HREFHEO“HOMERE T . S8 ASHRRN
96x 481}, FLYERII A mAP FRK T 12.7%. X1l fig
2T M5 A PRI, B RE A4 4 2]
ERER, BRTHTLE, NmRMEX I H A
/NARTEIAT N (3) 2433088 ( K>1) [ERE
— ST AR (K =1), U T 250 X450
XEFRAIAT N ERBIAE 55 A R, 2 K =48],
TMSN B/ T Hemn i tene, JF BT E o HJE
A 35%. [H, TMSCN % 4 70 345 H.

F6 PIMHKIRFZREMLE (TMSCN) MHEERIS
e (SF HRRD AN 2R S HxH/2)

K i H GFLOPs mAP top-1
256 192 128 96

N 408 852 89.6

L N 230 831 883

N 102 788 870

N 057 725 819

2 N N 264 859 899

3 N N N 187 861 90.1

4 N N N ~ 1.44 86.2 90.7

YINZR B SRAE RIS BEK B s m) . YIZRit,
AR JE AR TR BE 8 TR i — A4 - B
HAANHE AL 64 PR B, il 8 il i f Bt
FEALTFH AR ER. — i, —4~ e
F BERRIE A B 2 SIS ) 3, S8l Zrad
FEARRE. R, — MK A BRE A E L
W5, 58— E R IIIEEE,, AR T
GRRRCENE. S —Or T, YORFER U B KR
i GPU A7 BRI, Tkl F— A K it K
AT, FEBRER G E, AFTRE. #£ 7
JE7R T AR B BE XA AL RE A2, PR T 4%
TEAECHR 4, W B RIS 4 IR RREL,
HALR K/ MR GPU W AF 7%, ] LI 5],
AL T 4716 Wi B, {1 8 it - Beatb A7 111 2k e i Bt
B rERE. B, TMSCN i/ 4 73 3% . 8 Wi j
By gy AT 2.

=7 NGRS R KBRS (HtEXNRIE
GPU B EF#1TIH%E)

Wi e RN mAP top-1
4 128 84.3 89.2
16 32 84.1 89.8
8 64 86.2 90.7

L0 BRI AR T OR W] £ 0 32 G
sz, 51T —DHHEKA TMSCN-S:
TMSCN-S AR [E 4332 R AR Y ResNet-50 514,
B AN 5 frs. Al LAWEE ], TMSCN B A T
Py fE. TMSCN-S ) mAP Fil top-1 43 IR T
0.4%70 0.8%. X /&M T TMSCN-S 7EAK /3 ¥R - fifi
FH—N KM, BT BRI TR 4 R g A a0l
AR . Hiyk, TMSCN B A B AL A 55 T 5.
TMSCN 7/ 5 LAl /N 2%, BEAR T 3t
BIFRY,  HAIFRUJE TMSCN-S 1Y 72%. Zi4 1
R4 H1, TMSCN H AT TMSCN-S B i i 1 i i ol
RRITE TR, Ik, AR TMSCN A9 2515
T, RIXIIR 2 5 40 S o FH B /DN 1) X 4 235 4

ARTRE BB R B g A IS B A 3.
T — B UEAR R 3 S AR A B B AR o Bk =
SSHIMSEINAE SN, RWBIAT WA AR,
TMSCN-WoSA 1 TMSCN-WoSP. H: ' TMSCN-
WOSA X AN [R] 14 43 32 R — 137 ¥ 1) 45 AR i B At 1 AN ]
(I 2 28548, BRI s 0 238 00 SRR A B 53 S48
W ] ResNet-50, ResNet-34, ResNet-18 1 4% &
24 #5517 MobileNetv2!%; TMSCN-WoSP X} A [ 43 %
() R4 5 FR B B felt AR [R] A9 X 4 25 ), {H& 43
TR ES R WL RNk 8 fin, W LIMER
F] TMSCN-Wo0SA H1 TMSCN-WoSP #7311 fiE
IREAG. X2 T X BN BERLER S | A T i 2 1 S 44
i, HiH TMSCN-WoSA 5| A TJLF 2 {5350,
BT AR A B, P ECERERR AR, A,
TMSCN 3 =52 45 5[] A [6) 407 B A 1 5 R &5 4 &
B, SRS EREN I T 2 A0 R B A SR
b, R TS RN EER b, BN T ALY
A, DTS TG I e

#* 8 TMSCN % 4 ST BRI

Y GFLOPs  Param. mAP top-1
TMSCN-S 1.98 23.5M 85.8 89.9
TMSCN-WoSA 1.69 60.1M 85.2 89.7
TMSCN-WoSP 1.44 33.7M 85.6 89.0
TMSCN 1.44 23.5M 86.2 90.7

20 XH—LZ AR, AL T 24532
fitEIH—1k (MBBN) MIABERLME, 5IA T —1
#i75 TMSCN-BN. TMSCN-BN fifi JH i 4 (4t £ ) —
f6)Z (BN), BIVRIZ B AN 2 S L2 S5 F Oy 2 5811
. 413 5 R, TMSCN fyPEBE B 24 T TMSCN-
BN, H mAP 27} 2.3%, top-1 27} 1.4%. X4
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25 FLIOIE T X AR 23 2R A 4 S 4 FH k57 B Y (B RN
IF WA B, BE T MBBN 782243 SOk Rl vh 1 4
.

A — % MBBN AT mSCE:, 5IA T =
A S . MBBN-u. MBBN-o il MBBN-Wo0SA.
Horf MBBN-u XA ] (14 43 32 A A 37 i {6 R =2
B 75 2 ;5 MBBN-oXf A [ (1943 S 4 Fi b 37 ) 5 22 A
=4 (E ; MBBN-WOSP Xif A [a] 1) 43 32 4 FH k<7
B EER Ty 22, I A EZ ARS8, sl
BNk 9 P, wLIEL R, AN A ks A ¥
( MBBN-u) 5{# 72 ( MBBN-o ) #4315 i1 fig K
A, Horp MBBN-u ) mAP &L T 2.0%, MBBN-
oft) MAP FEMIE T 3.2%. X NBRG UL T IRl X A ]
B 3 S AR A 37 %) YA RN 22 A RUOkE . LAk,
MBBN-WoSA [ 1:RERAIL T MBBN, mAP F&Efik T
0.2%, top-1 FAIL T 0.3%. 3342 Fh 43 3¢ ) 2L 52 A [
P BB SHORNTE, 24 MBBN i FIAS 6] 5405 748
ESH, FTRERE AT 2 3 b A R AE S 20 AS [R] 1)
FRIEZS ], AR TR 85 ML= S50 2k, A
I, MBBN R 3 a7 i ¥ E A 25, (5
R AR S B BT

%= 9 MBBN #EHA)HRLSCIE

LAY GFLOPs  Param. mAP top-1
MBBN-U 1.44 23.5M 84.2 88.9
MBBN- o 1.44 23.5M 83.0 88.3
MBBN-WoSP 1.44 23.6M 86.0 90.4
MBBN(TMSCN) 1.44 23.5M 86.2 90.7

P55 SRS BB A R . AT I T W)
O SOBEHR LR RE () . i TMSCN-CBFM-S
1 TMSCN 43 51 i 356 T R Ff B4 5 49 =2 il A B B
( CBFM-S) FIFEF B 1 B985 73 SZ il 55 ( CBFM-
A) . % 5 /s, TMSCN-CBFM-S 1 TMSCN Y
PERE—EHL T IHER AL, UL T X A5 Sl
R B A R, Ak, CBFM-A fiEfS HiiS [t CBFM-S
R HPERE, mAP$£TF T 0.5%, top-1 47t T 0.8%.
XEH T CBFM-S 0% T AHAR T[] A9 25 Tl AN X 55
MG, IR AR R RRE S B — B, SR T
AT AR FEUARAE. T CBFM-A FI 13 25 J1HLHI X AH
LB TR RIFR R AL G, A TE BRI Rl A
fiE, P EAA B PR e

543 S b A AR B A . AR 25K
T CBFM-A &N E, 5IAT—44, TMSCN-
LF. TMSCN-LF I 7 B3R 14 46 BURRAE 5 A0 4B 55 43

PR WA B R E AT LG . AT
& A B A FRAF A GE BOR—FF, TMSCN-LF 15 5EX)
A3 BERRRAE R F Ix 145 OB L I 21 55 20 3R o
XEARHIERYERE . 25 R Ek 5 B, TMSCN-LF
') mAP 4 85.4%, top-1 >& 89.9%. Atk T TMSCN,
TMSCN-LF ) mAP Fil top-1 23 BIF#ME T 0.8%F1
0.9%. IXANZERLUGRH T 78 43 32 1] il AH R B B 14
FUE AR X RN (1) MRS B AR
PRI O 5 B, WERAR M. Kk, KAl
A B BE A RRAEHEA TRl & BF, CBFM-A BN HEAS 1 1)
FE A FIAE SR [R]—FR AR X, 7 A A LA
55 (2) T HEIRA G FURRE — B AT S5 1Y) H)
A, TMSCN-LF AR5 BRI AR Z R R 5 5 o BF

KRR L, AR T 5 SR AR AR
SEE AR,

ZREZ 5 ZLEMWA R, AN RIET
TMSCN R 2 REEZ 77 X85 A R, 5IA
T A LR TCN A1 TMS. Hidr TCN R [F R
257 AT, AN TR A SR A R) A9 4 A
I PR 256x 128, JREORFES TMSCN — 1 £ 5 X
45k ; TMS R Z REE R 43 S 4531t , ASTR) it
5 TMSCN — BRI ANRI S FER AP, (H R
i [f]—> ResNet50 433z 4. ST4E RN 10 fr
/~. (1) #HEEF TCN, TMSCN f9 top-1 il mAP 43
ST T 0.7%F1 0.5%, J0ilE T 2 REEMARUE. X
EHTHEZRESHT, KRR A WG O 3
AT NBIAHT RLBEAREAE /N RUBE A9 i A it 2 8 384 K
28R KA 2 T 2 R N2, DL 2L RE S
PR N EE B AN RRAE , 38R T LA AR 1Y RAE fE
J1. A, TMSCN {ULFFZE TCN J5 ik 56%m 15
B, U T 2 R ES . (2) Mk
F TMS, TMSCN f# top-1 il mAP 4351427+ T 0.8%
1 0.4%, BAE T 2552 ARE. XM T TMS X
AN B RO #R R FH ] — 1 ResNet50 4337, 3k T4
RUXT/NROE i ARt A KU, ik, TMSCN HAy
HEARATE IS, (2 TMS | 72%. % I, TMSCN
HA DRI A S EGe, JfF Hrkren e
Fok A TWA T : AR 22 KRB A LL AN TR
REE TR 257 32458,

%= 10 TMSCN #ZRE/%Z 5 X R)ERISLIE

LT GFLOPs Param. mAP top-1
TCN 2.59 23.5M 85.7 90.0
TMS 1.98 23.5M 85.8 89.9
TMSCN 1.44 23.5M 86.2 90.7
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Z MU AE RS A RME. T AR 2 WU E fl S
BB, AT HE T PRI BRINURRAE L5 )7, Wang
25 NS Y DaRe FIA Oy kY748 /A TMSCN-SF.
HAr, DaRe 7E4i AR R B BEA LA BC— Wi 4%
SR R BRI P15 A I 265 1) AN [) R B 2 4 A T 8
P ; TMSCN-SF 78 it AT R B H Bt 4L 4 5 — o
FIMG, SRJE W Bt 745 [F] it A1) TMSCN (9 &4~
Ay, BEAT ARG A A B Ay SEARIE LS. SEER
ZERANE 11 s, ATRAOELE], TMSCN #PEfE S
LT DaRe il TMSCN-SF, £ mAP | K247+ T
2%, SE T ZWUEIE A A RCE. R TR
B TR T AT BB 5 A [ (R S S R A, 22 IRRAE e
A REFE AR FAL & AT AR 8, DA AR
SR ANER, BUSE &K

*® 1 SHHFEMSHANME

A mAP top-1
DaRe® 84.2 89.3
TMSCN-SF 84.5 89.4
TMSCN 86.2 90.7

58 S¥ o

WS . CBFM-ABIA TS « (%X 6).
TEX— T, gE—ak o XA R . niEl 5
(b) Fin, /B e (r=1) 7530 BRI AR FE 1
fHAE F4rH0, ATRES| A —Sel s X8, Ak, K
Bz (7=8) 153N MARRITERE M (a4 th e D EUL
AN AL, BRI IE S T MR X, (H AT RE
HUENL B4y bR X, Hk, T EdE— 48
1Y 7 B S5 B0 Wt (8] A [ &R AR E e . B 7 2
TMSCN R HIAN[F /Y 7 BF £ MARSFILS-VID L4k
fie. MK 7R, Mr=60, TMSCN HU5 T H& Iy
PERE. (A EENIE, Y BURRIMER, TMSCN
HPERETE Sh 8N (/NT 1% ) I H—3UL T Baseline
HPERE, BT TMSCN X2 ¢ e k.

PO PR AT IR T AN [ 458 2 R IO AR 7R P
fERSZIE. 78 MARS, LS-VID F1iLIDS-VID %4 4
SRR 12 Fros. FR 12 AT LIS BT 4548,
(1) 28 UK RN = R4 45 2 1% He 40 2k 1R Bk A fif
FHIEUS O G () SIS0 350 R . X 245 25 T A 2k 1)
HAME. 3 SRR R B — A B AT S A — A
K9], BT kM. =Jnd gt itk B R R
EIEAEAXTEE R, #ETFAFEART IR, J& T B
B IR LU AU 1B b 2 2] BEAS TERRAIE 25 0]
B AR . B it — /NN, R

(a) MARS ¥4
91 87
~ TMSN e —~ TMSN
-~ Baseline / -~ Baseline
Ay / 2 s
E%0r e g8 e
” -
L 1 1 1 1 g5 L
a2 1 4 6 8 10 1 4 6 8 10
T T
(b) LS-VID i
80 88
o 79t el 7 =
~ TMSN g87¢
78 - -— Baseline —~ TMSN
- Baseline
? L 1 L 1 1 [ 1 1 I 1
L 4 6 8 10 % 4 6 8 10
T T

K7 #SEr xR TMSCN P RE Y

® 12 BKRRBIRBMEENRE (L AR AERE,
L, AEXMERARZTARK, L ARTEEHREK)

R AL MARS LSVID iLiDS
L, L, L mAP  top-1 mAP  top-1  top-1
N 823 878 664 778 740

N 788 867 725 826 847

N 781 83 727 829 860

N N 862 907 789 872 86.0
N N 8.7 896 796 877 900

~ N ~ 862 900 792 875 867

KRR, "] LULAE TEFEARTE R =S (A AT 3R 2K
R, PR I Al T s U AL ke, (2)
156 A (1 FH A2 UM 81 2 N = 0L 1 2K 7E MARS % 4
T PRRE T A5 Il FH A SR AR IS FX L R O AE
AN EE 4 L PERE T A X AT RE S T R R
e T WML AAEART, — M REHUAS b — oo gl
KW AL R, (HEH T MARS B & A K
PREEAEIROT, XF H Ok 5 AT 2 YA R AR KT
P E T AL T RE.

PR BRBCHAE . AT Pk R A
XPEERIVERE RS . 48X 12 FoR, A f 4, 433
IR RN X B A 2 AR T 38 SO AR e A
(1) AW EEAE = ol B RAE A, 152 m. B8
J& TMSCN R AR Y A, IH7E MARS 508 45 F Y7k
AE. 1 8 Fian, 4 4, =1fF, TMSCN Hfd T ks
MPERE. HLAh, 24 A 7E— € 10 Fl N BOAS [ 09 (R I
(04< 3 <2) ,TMSCN MPERETRSIR D> (/NTF
1%), ULH T TMSCN X T = ok st E 2 A
BUREEY.  (2) AR HE— 2 PRA X FE A AL A, S



46 272 M- N | R = S 2023 4F
M. & 9 J& TMSCN RHIAFEI A, B FE LS-VID %X 59 ENoYRMARHRE ZIESEFERXTL

atE LRy PERE. WK 9 FR, X ELEVRAE N 1
i, TMSCN HUA8 T b irEse. Beak, X etk
BCEAR/NEE, 2, =01, 5 AT LI AR IR BE AR
PETHEAIVERE , 72 mAP I top-1 b4 il$2 7t T 8.6%
il 5.2%. [RIEF, >4 A, 75— 5 Y0 N HBOCA [6] A4 (A I
(06<4,<2), TMSCN WHEEF S/ T 1%,
W17 TMSCN X X} it 2k AA 2 AN Uy . BT
R, ARTMEASER B E N 1.

87 9]
86 -
90 |
S84t % 89 ¥
83 b S
] 88 H
81 1 L 1 L L 1 8‘? 1 1 1 1 1 1
00 04 08 12 1.6 2.0 0.0 0.4 08 12 1.6 2.0
=LA A, =LA RAE 4,
K 8 ZJnABIRANE L XA TMSCN P fE 15 M.
MARS #di 4 RS E5R
80 = 88 R
86 +
75 _sat
2 282t
€70 280
78 J

65 1 76 1 1 1 L L 1
00 04 08 1.2 1.6 2.0 0.0 04 08 1.2 1.6 2.0
X AR AT 4, X AR SANTE A,
Bl 9 X LL#iRANE A, MHELH TMSCN 1 BE 19 52 i .
LS-VID %l £ [y 52 e 45

AR — 2B I Tl AR AR Y 1R RE
R SCERITER i 2 R sh SN T ik, e —iR
A, RIS R0 EL N Y T R B A E
PRRCE . SCHEs R ANR 13 Fron. AL,
I3 O 7 AN [ 453 % B9 ASUER O AN BB R 1R RE 1Y 42
Tk T TMSCN X Tt 2k oR B A A Al
AU, PR IAE — R Y R A B NS Sl A P fE
BRI, BEAh, ARk Sh AU G505 AR I At Kt
(- mini-batch ) AYF R AE A EACE.  H T4ttt K 19
BEALIE , 1207 2 TC kS 0 M Al TP (B R A A 3,
PRSI AARE A W22, HARRE AT REMR T A
SR FH B 186 7 ASLEEL SR

* 13 BENMWERKNENRIM NN

MARS LS-VID

ik
mAP top-1 mAP top-1
[ E AL R 1 86.2 90.7 79.6 87.7
Eprivey il 86.0 90.3 79.4 87.7

AN CBFM-A 55— FI Z SR G 7
HEAT X EE A B, R B B T A AR PR il T i
MFBE | BANVOI L)L K 7 & 1 il A )5 ¥ DANMA
DRA™!  Transformer'®. 7 MARS ¥#i4E I 1y 5256
ZERANE 14 PR, AT UM Rl 7 k20
CBFM-A HAT 5 &= A4k B AN S /D B 3153 TF 4 A2 4k
. ANFTEMR . SOR SRR BRI 22 80K,
ARAR T 2L AT A0 [F] RS AR AL A AR, R AE 22 S48
AN, RIS 5 B i o B AR il A WL . e A, X
MR A TR % AR SR Y 2 R XS SF LA,
ATREMEIRAT AR R MARAE , S EMERERRAL. AL T
DANM2%1 DRA, CBFM-A 7E mAP il top-1 |43
BT T KEY 1%. Xl THRMEZEImE T
PR APLE, A R R 2R SR 82 2
[EE AR, 1M CBFM-A Al GALH], 7ERHIE2~
IBFRG T ARSR IS, P ILREE 2% ) B RAF e
TR AN ARIE . AH L T Transformer 4545%%, CBFM-A
1T 109%0 T ETT A T U T I = 14 P RE KT
X g LK N Transformer 5| A Z3kiE = T, ISR
KB 7 J5 22 2 AR B I PR A R AR GG, SR
AT NE IR GE S £ 8/, Transformer 1] fig
Tovk2e 2] B0 B Ui e OCER. M, CBFM-A H
FErt BRI Z (8] B AR AR R, T 25 5 78 A ) AH 218
T ) DK DX I, DA T HRUAS B A ) P R

% 14 CBFM-A 52N ZESHEGERRIIITEE 24
(GFLOPs FT/REh& EHLF 40 T8 — Ml 0 7Y%
BIEEXRH, Param. BRI AIRRIEMASHE)

LAY GFLOPs Paran.  mAP top-1

Wk Pl MFBE) 0.33 7.5M 85.3 89.6
Jrik BANM 0.12 3.5M 85.2 89.4
DAN# 0.11 8.2M 85.3 89.3

15/ DRAM 015  17.9M 85.0 89.5
Jitk  Transformer®  0.34 8.3M 86.0 90.3
CBFM-A 0.03 oM 86.2 90.7

5.10 WAL HT

R T MY, AT T Baseline fil TMSCN
FAEE AT . Ak, AR AL T — R
& CBFM 12243 3754, TMSCN-wo-CBFM. TMSCN-
WO-CBFM 14y 32 2 AN 38 H., BENE1H 78 b n] 4k
BRSO HER Ay SO H SRR X . il 10 s,
Baseline MR IEAUAE PAE— AR EB X (@ 1
), ARXMEX S HOREAT N HHS, 253 PR30 3
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S RE REAE X R[] A T2 9 A A e 2R 2. A 10
AT RO R (1) R4 50 S i B R AR A
T3 08 5 VE B R 25 ) X 3. b sl = A4 T
U6 RTFEAT N ROHE T X . i S AR R0 R T
AKX SRR A AR A AT N T 25 5 R AR [X
(2) AR BT AT 0] 8T BEA R M43 A5 T
m, W10Hr (a) (b)) BTFARANE, FIHR=
A3 WG BAERES R I 1 X 435 (@) M1 () FF4
B B AR R ARERIEF AL, FFE 5] AL WA 4r 242
W EEA Y X I, XML BUH T,
AT BiCnet AL AR A, TMSCN (1% 25337 45
P ELA i A A AR RE T, REAS A BT 22 A wE
FEAST; (3) AN HER D SCREMS e 2 AT
NSRRI, EREETIA T MR X, L (b)
B EF =43 S S T R X S BRI T AR R A T
DXk, % i PR HER TR TAE R, R
T AR A R A X e . FIt, TR R
Oy SR A HER A BAAHT, — D TR 4 9
RAY LSRG FN A, 55— A R R4
W2 RS X, $R R E R AT AARIE
(4) TMSCN Fll FH#5 53 SZALAR B HA 50 A T A
SR EAME . & 10 s, TMSCN s 4
B E BE A% 56 1 B AT A 224> 5L 0 3 0 31 X
B, JFHARSYHEIT S, AR A
BIARTR AT NAEAF 25 5 (X 4.

BREE HEes &
WiEs |
P

Eﬂia§

ﬁARﬁH&
K 10 FLfERIRI (Baseline) FIARSCHE: (TMSCN) 4

$5ﬂ9¥$5}3€ TMSCN

Baseline

TP T AA (R Bl 5 i 2k A I it )
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6 I%l,l\ .Q—I:l

ARSCAR W T — A AT N BB Ry 2
FROE FL R W 266 . R A8 A T N EE PR 531 -
sk R RS R, ARSGRINI TR IEE T H
ARG BITERE, JFHAR LT REBIVATIE, AL
&t B P 22 RUBE 28 B4 5 ABUAMY S50, JF
HIg/N T RZ 65%893HH I, W 1A SO k/

Pk PE R RTATHE. Y 22 RUBE B4R ) 45 A [H]
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Background

Person re-identification (relD) aims at retrieving a
particular person across multiple non-overlapped cameras.
It is widely regarded as a sub-problem of image retrieval.
There are two common problems for recent video relD
methods. Firstly, existing methods do not take full advantage
of rich spatial-temporal clues in the videos. To be specific,
the consecutive frames of a pedestrian video are highly
similar but the existing methods conduct the same operation
on each frame at the same input resolution. As a result,
these methods typically produce highly redundant features
for consecutive frames. Secondly, it is common for recent
methods to improve the accuracy by introducing more
operations. However, many devices cannot deploy powerful
GPUs that are power-hungry, so the limited computational
resources prevent the application of state-of-the-art video
relD models. This inspires us to develop efficient video
relD models that can fully mine the spatial-temporal clues
in the video using as little computations.

In this paper, we propose a powerful and efficient video
relD network, namely TMSCN. TMSCN aims to extract
complementary features for consecutive frames of a video
with less computations. In our design, TMSCN is built on a
multi-branch architecture where each branch has a specific
input resolution. High-resolution Branch processes frames at
original resolution to preserve the detailed visual clues, and
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Low-resolution Branches with different down-sampling rates
are employed to enlarge the receptive field for capturing
global information. By feeding consecutive frames into
different branches, TMSCN can enforce consecutive frames
to focus on the diverse regions with different spatial sizes.
Such that the complementary visual features can be disco-
vered for consecutive frames and finally form an integral
characteristic of the target identity. To further reduce the
computations, TMSCN uses a smaller network for lower-
resolution branch. It is reasonable since a lower- resolution
image contains fewer details, a smaller network is sufficient
to extract its discriminative feature. By down-sampling some
frames to low-resolutions and using small network for these
frames, TMSCN greatly reduces the computations, requiring
about 65% less computation cost than most existing methods.
Experiments on three widely studied datasets validate the
effectiveness and efficiency of the proposed method.
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