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Few-shot for person re-identification based on multi-scale mixed attention
and metric fusion

CHEN Gui-zhen, ZOU Guo-feng®, LIU Yue, FU Gui-xia, GAO Ming-liang
(School of Electrical and Electronic Engineering, Shandong University of Technology, Zibo 255049, China)

Abstract: To solve the few-shot problem caused by insufficient available pedestrian images in person re-identification,
based on the Bi-Similarity, a few-shot person re-identification method based on multi-scale mixed attention and metric
fusion is proposed. In this work, firstly, a multi-scale mixed attention method is introduced into the feature embedding
module. This method introduces spatial attention in different feature extraction layers and introduces channel attention
in the feature fusion between different scale layers, which can extract more discriminative pedestrian features.
Secondly, a dual metric method combining Euclidean and cosine distance is proposed in the metric module to
comprehensively measure the absolute spatial distance and directional difference of pedestrian features. In this way, the
reliability of pedestrian similarity measurement is improved. Then, pedestrian feature similarity scores are obtained
separately using the dual metric and relation metric methods. Finally, the combined metric score is obtained by
weighted fusion, and the combined metric score is used to construct the joint loss to realize the overall optimization and
training of the network. Experimental results on three small datasets, Market-mini, Duke-mini, and MSMT 17-mini,
show that the proposed method significantly improves recognition performance compared to other few-shot learning
algorithms. Specifically, in scenarios 5-way 1-shot and 5-way 5-shot, the average recognition accuracies are 90.40 %
and 95.69 %, 86.77 % and 94.96 %, and 71.08 % and 82.63 %, respectively.

Keywords: person re-identification; few-shot learning; Bi-Similarity network; multi-scale mixed attention; metric
fusion; dual metric
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P DAL, B AR 2R R B AD A 2 2 BUR AR 1]
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2 NFAGE L — A5 LA 751 B AT 2 3200 57 3
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R AR, BUHfa 4R Th FEA S S R i 2K BOPR 105 1%
) 27 3R ) T 8. /N A AT N TR 0 T I R 1)
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B 505 2 BRI A 2 W AMEARAT N E R 1 )
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Y, fif R B AN A2 0] RN AR SRR R By
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o R AR AL AL 28 BUS 4L, 4 Finn 25071, Ravi 6019
M Gidaris 25 1 HIF 55 T B2 B 07 VR T4 )
B 1 1) AR AIE i N B0ORE AL FEE B B 3 ST A 2,
Vinyals %201 Snell £ DL & Sung 2522 [ 5% 2020
5, LiSEIPT 3R HY T O0CH fBL I 4 (BSNet) 45 140, LA i ok
ANFEAR RS T 55 JERIVR R AR ) ) L A ) H AR
AN NREA 5 2] )l A 3 2 0T A, B 02, 32 24T
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il e L ) L S A DA R SR = AF DT S IR IR, AR S0 DA
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TG 7 [A) 3 3 ) LR AT B R AE DA Add 77 SR &,
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S8, (A5 BB AT N AR AIE B0 5L 40 ) 1k, AT SR AT A
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c-1 Q
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% R 2 MR 2 4 A BRI, % ==
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(% RABLIE 0, 9 A A SR 7 = =t

1 | X loss = A x loss; + (1 — A) x losss. 4)

sti=9.(5 k}; fowllfotan). Oy lossy « loss, 43 B A RMLHLRI A TL B 1193 77
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. BAAT S, 4% MNEIRED = {(z,w), i € HWALRIC x KK 1E SRR S;, O x (M — K)
LN B ER N Digin = {(Z6,5:), §i € Lugainy e IRETENEHIER Qq, LA B — 1 I0AE 55 [FIFE I,
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I TCAE S5 R B S AL, e e AR oA 55 b s Y
A R I, R A RS L.
22 ZRER&ZIENIE

w3 poR, 2 RBER & B B H SAM
(spatial attention module) A1 CAM (channel attention
module) 2 . 1 SAM H T8 R A 6] )R R AE 25
() 268 55 PA) 114 DGV (X 35, CAML TR & il J R ik i
TEA) R AH G, O T ORIERFIEZ: SAM Ji= i 22 W],
Xof AN R ROBERFAE BEAT RS AR H R A

SAM|

b AL

: P—[CAM
SAM|

=
—

AFRRE REAES
FFAE

Add #E#

B3 SZRERAITEER
A BT SAM 5E XA
M, = sigmoid(conv(fu(F) | (). ()
5, FHE B F o & id s R Z fop A3
WAE fop J5, 0 || 1500 T8 45 JE PFEAE — 2, 85,
PEEE S5 R AEF) FH 45 12 conv Al sigmoid B8 20 4E BX
I 2 A B M e, M < F A3 225 (A AL
SHTRHIE.
B E R I CAME LN

A

Pt JEn i

23 HTEEMANNEEES
AR HE H PARR QR 25 N ALEE, A& 1 A 52 AL #
Rl G TV, 2% S5 K T T 5 k.

ARIZHAL
=

IR F 2 5
ETEERMANNEESER

5, UM A A B SRR AR AL 22 1 P A2y
B R R BAL R AN AL R KB B B SR, F

v

i A\ i

LR

B2

& 5

M. = sigmoid( fup (frnp(£7)) + frntp (fap (F))).  (6)

5, FEAE B F 4 B4 3 B KA Z fonp A3
WAL Z fop J5, BT L 1) 2 R BENHL forp, 1B ENHL
(2 AN 4338 32 2 FC A — ReLU B0 6 8 SR,
¥ 15 B HREAE A NS, F7 N sigmoid BR B4 BB IE I
BB M5 a, M. x FA32@E B HTRE.

AT NFRHERL 2 (A7 B DA R A1 5545 2, B ZE 1)
R IR RS, B E SUE B KB R &R E R
T, BRIk, BT 22 ROBE R A il S S 4 TR PR A2
R AE 2 5 2 AR AR, 322 00 2 5 il BOE 2 4
1IE; SR J5 AR TR Z W 5 RO R, 4 2 RIEIR AR
MU AR B 5 IR AREAE, 51 NRFAFSEEUBLER [ fan ) ke
55, DARAIE A N U B FR R A 2 5 2 F I 1
G5 B B e, 2T 2 ROBEIR A vE = I ML R RRAE fi%
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de%xM%}jﬂxAme)n:Lz&&

4
Co =Y Fx My(F,). (7)

Forpr o KPR TR AR S S H F, DR Ik 4 BURE B
B NG . AR a0 4 .
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5B FRFAL (] I 80\ AR 52 AH (BUJZE AR R BE B FE R,
53 A B AR AL 15 (0 1% SZ AR BL A0 FTIK PR 8 45
grs e R4 SRR R A5 )
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(8) A 4 ZU AT, JE T it BT 4 HY R 4% 1 B X AR AL 43
IR EE B AR R 451 2% losso 70 ) I R (3) A (4) E#T A

1 1
Sl"j - §Si1,j + iNiQ’j’ (9)

1 c-1 Q )
IOSSQZCTQ Z Z (sz(i) —1(yi =y;))"- (10)

i=0 j=1

HREA R & — 2RI, RS2 AR 7 ST UK, BR
REEE D7 B/, i =3 [ I 29 A 0 B A5 )
NP R RZ A9 5.

JIr i H OO R st i R T vk, R A BRI R
BRI 5L IR B 25 A 2 BAT N RHAIE ) 48 5% BE 55 0 7 1]
7 5, LASRAS B A SE AT NAHAUME FE B 1547
3 SEAIST
31 ZWRE

SEI6 X Market-mini. Duke-mini. MSMT 17-mini
=N £ K H 5-way 1-shot Fll 5-way 5-shot 5 Ffi 45
AT INZR. U SR R BEATLEURE I 152 & epoch 4 200,
B/ epoch H A4 7 100 4 episode, 3 20 000 4™ episode,
FERFS N ZR I episode 1, BT N BB N 16 5K A ]
K14, BI7E—A~ episode H, 5-way 1-shot #513X  Il 25 ]
BH16 x 5+ 1 x 5=857K, 5-way 5-shot 5 30 T Il %k
FIEH 16 x 5+5 x 5=1057K. 1> epoch &5 4 J& HEAT
100 IR JC I AIE AT 55 £5 2156 UE - 357 18 ) R %6, Forp £
0 UGB B 5B S5 AT 55 A ). IR, 2596 R
ot B 52T 55, episode = % B 4 1 000,
BN B ANG .

3.1.1 FHEENE

AT MAarket-1501. DukeMTMC-relD UL &
MSMT 17 =A™ i 45 4, Bl AL i BB 7 #F A 4 1
Market-mini-Duke-mini f1 MSMT 17-mini =~/ %5
PR AT SIS, X TR RS, S L2 - 1 1L
1K 53 N TGN GRIR Digain~ TCHUEEE Dyt LA K TG

REE Diest- Dusain~ Dyal~ Diest F AT BUR IR /NFEE Ny
84 x 84. HHAREN AR,

Market-1501 24 S0 7 1 501 M7 A\ 32668
AT N TEHE, A% SC BB B0 U 1 200 M7 A, 357228
5 &, 25 % Market-mini 245 4E.

DukeMTMC-relD % #f 5 335 1 812 M7 A1
36411 7k B Fr, 4% SC Bl AL 3l B 200 447 A, 3t
10 775 5 &}, 2H B Duke-mini 2045 4E.

MSMT 17 $ 48 &35 4101 MT A 126441
ik B, A SCBE HL 3 EU MSMT 17 340 42 71 200 447
N, FE 13199 5K B A, ZH B MSMT 17-mini £ 4E.
3.1.2 RN S

AR SCAH P2 R 0 HE A 26 (avg-ace) PEAR F8 A i
LR3I B TR VR R RE. TR T
MRARAT 55 b, 5 F A FE B FEAR, ¥ 28 8] C M7
NPT FIINAEL, G mh R0 A KA st AR 28 B g Tt
25, -5 AR XS L, A A WAE 9 R0 TR, B R
15455 TR BIHERR R Ace, Hiit B A Rt T R Frs:

Q Q
Acc:ZAi/Z(AmLN,»). (11)
=1 =1

Horb: Q RBAR S R A WAL A DL, A N IERIR
IREARANEL, N, RES IR IR S N T &3
YO R THERA P, LAY 350K B AR e 5 4R b, 7250
WE AR, AT 55 H0h B A, 1 G R AT 55 AT
FERUT , RAF BT 1T 38R R 2.
3.2 KBRS
320 SIS

9756 BT £ Y 25 1 A RPE, SE B8 7E Market-
mini. Duke-mini il MAMT 17-mini =M #54E L 5
VT i (matching) % 41201, Ji7 & (prototypical) /¥ 2521
MAML W 25171 3¢ 2 (relation) X %1221, CBG + Bsnet

*1 SHMFEG AN LS

Market-mini/ %

Duke-mini/ % MSMT 17-mini/ %

method backbone
5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot

Matching conv4 84.62 92.69 79.78 92.21 59.74 74.57
Prototype conv4 85.46 94.04 78.66 92.12 53.15 76.59
MAML conv4 83.83 91.74 80.21 92.57 62.33 77.61
Relation conv 4 89.06 94.44 84.47 94.14 65.13 77.70
CBG + Bsnet conv 4 88.97 94.85 85.07 93.10 68.51 80.11
UARenet conv4 89.58 95.09 84.22 94.17 68.57 82.19
FRN conv4 85.05 94.41 63.71 83.53 59.65 78.92
FRN + TDM conv4 89.72 94.79 75.95 90.48 67.85 82.14
SetFeat conv4 89.85 95.06 84.16 93.71 67.70 82.26
DeepBDC Resnet 12 89.53 95.86 82.65 93.61 70.02 83.52
Prime 4+ DDA Resnet 50 31.62 - 21.29 - 12.94 -

MML + Circle Resnet 50 36.19 - 31.92 — 27.55 -

ours conv4 90.40 95.69 86.77 94.96 71.08 82.63
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P 251271, UARRenet [ 25281 FRN % £512%1, FRN +
TDM M 258301, SetFeat [N 250311, DeepBDC ¥ 250321
Prime + DDA ¥ 1331 1 MML + Circle /¥ 53412 #4
FHSCAIE FT 7 1R AT X b S 56y, S8 45 3R 1 firs
(TR M2 A M n ZHEE 9 0.8 F12). 2 T 3R]
TR T VA AE R T T RO AR B, 4 A S EE T
conv 4. Resnet 12 5 Resnet 50 [ Z 4 & (params) Al 11
5 & (FLOPs), 45 54032 2 fir.

®2 TEIMGERERE LS

backbone image size params FLOPs
Resnet 50 84 x84 25.56M 688.86 M
Resnet 12 84 x84 12.42M 352G
conv4 84 x84 0.11M 97.16M

F 1R R B, AHEC T DA conv 4 HEAT RS2 HX
() HAR TV, B4 H R A 3/ 4R 4R 1) S-way 1-
shot F1 5-way 5-shot 3 M 525647 55 N S S8 1 de =i )
W R 2, H E BEE R R — 7 A 2 REETR
AR AU, A R R EEJZ BRE SR B 5] N
E)YE B 0, AEAN R RE R R R Rl & v 5 N JBTE VR
73, BEHCE] 15 BB 27 AT NRRAE; 53— 7 TR
RUEE B B il J7 V2, 65 B B AT N ARFAE 1) 2 TA) 26 0)
BRI ) 22 e $E T T AT NARAME S B W] SE . 7
PR T 3L [RIVE R R, Brde B 73250 1 L AR
xR

714, LA Resnet 12 A FREAE £ HU K 2% 1] DeepBDC
77V, £ Market-mini #1 MSMT 17-mini 75 $ 95 4 F
1) 5-way 5-shot S35 37 5% T IR M BEmg A T AT th

Jrvk. BRI &, Resnet 12 A EL T conv 4, 15 E £ 1
SRR, 3R 2 R, B DeepBDC J7 (3R
A5 v R ) TR fR 23 1 [R) BT B0 R TR Y e ) A
FE. S5 HAHE, prde th BEfE B A B/ S5 E A E
T2 11 [R) B, SCOR R ) U A AR %, R B T P
TiERAEEMLRE R,

2T Resnet 50 f#) Prime + DDA A1 MML + Circle
PR v, 78 3 B 4R B HER R S T s
AL, A I B 28, T Resnet 50 &3 T 5 2%,
FEAT N AT R B 15 100 T, P 28 52 B R AR R A1
o2 AR AR R B JRRE, S B AL &, 45 P Fh
TPEAE 3/ N HAR AR BRI R A, R G
A BRI LS AR IR N B E A R AT N E
P 7] R

SR B i, AL T HAl v, PR th 2 REEIR &
FER WS R G 7 E A RIES I EA T H =
BUDBIEOL T, 1T R AR RN AR N AT N
P 7] .

322 SEORMAT

=X (4) A7) T 50, SEBe A PR AN S5 B A A
n. HH VCNBEIRRBE R n N2 RIERAER
JIBEH P AN [7] RBERFAE.

TS, BT X G ) 261 28 1R ) 9 ff 23 1) 5 T, 7
Market-mini. Duke-mini F1 MSMT 17-mini = /™ £ #&
£ LSS, T 285 n AHEBRAL, n (9 HUE A 5200
T RE S NI P35 U R HEf SR AR 3. ST &
Hon FIHUE % E N 2, 5056 45 R AR 3 Fw.

R3 ANPEIRRETHERFR

Market-mini/ % Duke-mini/ % MSMT 17-mini/ %

A
5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot
0.1 89.54 94.14 86.33 93.55 68.84 82.53
0.2 88.70 95.22 84.36 94.81 66.79 81.26
0.3 89.33 95.29 85.96 94.16 66.32 82.51
0.4 88.98 95.56 85.44 94.30 68.15 81.76
0.5 89.75 95.10 85.59 94.61 68.74 81.48
0.6 88.04 95.51 86.65 93.64 63.90 80.60
0.7 89.39 95.45 85.43 94.09 64.59 80.76
0.8 90.40 95.69 86.77 94.96 71.08 82.63
0.9 89.48 95.06 85.77 94.69 68.13 81.08

B2 3 0] L, 24 NHUE A 0.8 B, BT 4 H 7 vk 11
F13 591 HE B % 7F Mirket-mini Duke-mini f1MSMT 17-
mini =>4 45 T 1) 5-way 1-shot Fll 5-way 5-shot P
Bl AL 20T A Ak B B K E, 450 8 90.40 % A
95.69%- 86.77 % F194.96 %+ 71.08 % Al 82.63 %. 3
BHIDE G401 2K loss LA K RAEHAR 2K loss, N 3, PAXUEE fiE
FEAR YUK losse A5, TSR THE AL e, 249 N HUE

0.8 i, X 25 455 3 1 Bk B A A

EZHNE N 0.8, 1E Market-mini. Duke-mini
AMMSMT 17-mini =44 5 b 4k 856 10E 2 K n X 52
B2k R RS, SL 00 45 R UK 4 Fios.

HR 4 7] 0L, 24 n BUE R 2 B, 76 3N B 4R
FRAR T, I 2 1~ 2 1R 1 9 1t 28 ] B BUAS B K AH,
RURFAE R NASEHR FH P 4 Hh o = 2 BT 7S 25 0 B DX 8%
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R4 nXFENRANERHROFM
Market-mini/ % Duke-mini/ % MSMT 17-mini/ %
n
5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot
1 88.13 95.48 86.40 94.53 67.02 81.29
2 90.40 95.69 86.77 94.96 71.08 82.63
3 89.23 95.19 86.38 94.09 57.81 71.45
4 89.48 95.15 85.40 94.60 65.66 77.64
x5 JHRLSCIG
Market-mini/ % Duke-mini/ % MSMT 17-mini/ %
method
5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot
BSNet 88.84 94.15 85.77 92.78 68.67 80.34
BSNet + MA 89.69 95.20 86.51 94.09 69.03 80.84
BSNet + DS 89.99 95.19 86.18 94.41 69.46 81.83
BSNet + MA + DS 90.40 95.69 86.77 94.96 71.08 82.63
REIS AL, JROBETR A1 3 7 A HUR AU EE 5 A R ) i N R 8%

3.2.3 JHRRSEIG AT

N T BRAIE BT B H 4 A 1 R0, DA BSNet
W 2% Sy HL 28, 7F Marke-mini. Duke-mini f1 MSMT 17-
mini =AM A T2 AL R, 36 E 2 R R
VR B ORI T R A OO AR
Rtk Hod: MA 2 RBEIR A B B, DS AW
R, SR 45 AR 5 R,

12 5 7] 0L, 7E BSNet (28 36 Ak B I T4t %2
JBEVR AT R ISR 90 4% F B 2857 241 TR a1 A
2 7F Market-mini. Duke-mini 1 MSMT 17-mini =>
B4 £ 1) 5-way 1-shot Fll 5-way 5-shot P F 55 2 T 32
BT RT3 T T 0.85% F11.05 % 0.74 % FlI
1.31%- 0.36 % F10.50 %. 3X 3K B Jr 11 (1) 22 R R
B VE R BT 4 U B M AT N RRAE, 1T 24
SR FH BT U EE 5 R A I 5 X 28 ), B 2T 250 1 )
TERA 2R AE 3 N EUR SR PR S 315 31 T 3271,
S HARTE T 1.15 % F11.04 %+ 0.41 % F11.63 %+ 0.79 %
F11.49 %. 3R B R FH 0L i S 5, [ 19 /b S| FEA
VF) ) B8 B I e 5, T 4R AR VR 2. S, 4 %

B, <P 357 1 S0 A B 28 A 3 A 5080 4 0 A A A T 3 X
B RIETE, 73 BT T 1.56 % F11.54 % 1.00 % FI
2.18 %~ 2.41 % F12.29 %. % #A [A] iR FH A4 HH A 7
T 7325, S Tt 7 BB 1) & s PR A 251, A 49 A B
Rk B iR AROR.
3.2.4 WIS RST

N B IR X2 B R, A A
Gard-Cam 7] #8467 1228 4 B, 5 BSNet W 4% [T
At (matching) (4% . Ji2 784 (prototypical) 4% \MAML [
2% . CBG + Bsnet W 4% . UARenet [ 4% . 5¢ £ (relation)
M 4% . FRN M %%, FRN +TDM M 4%, SetFeat % 2%
DeepBDC M 4% Prime + DDA ¥ 2% il MML + Circle
P 26 AT R X Bl # T B IR T I 248 R AE R N
B HREAE, o 6 BRA, 2% W 9 485 1% X 3k ¢

an 6 Bt 7R, 43 At AT 43 06 W@ 7E $ 4 £ Market.
Duke i & MSMT 17 (1) 4 L, T2 Hh I 25 72 47 1iE K]
oSS A RAT B B, R T % 48 06 il e
AR FASJE AT N EE A i 5 A

MSMT 17 B

BSNet matching prototype MAML relation

I ! L]
IEEEIEIEIIEE’EE

CBG+ UARenet
Bsnet

FRN FRN+TDM SetFeat DeepBDC Prim+  MML+ ours
DDA circle

&6 SR



1448

*

F %£39%

4 & #®

BEXHAT N R AT N HE B A 2 i, A S H2
7 —MET 2 RERGER S EERME K/
AAT NEAR A TT . FERFAE RN B R 5] N T T i
2 REERSES P, & T HEREHA 2T
FIURFIE &5 A7 B0 20 1 75 ) L, BT IR /N REAA T N Bt
B E A RV RFAE R . BE AR, P H U R AR,
LRA IR AT NRRE I 77 7] 22 5 R0 48068 B 2, 26 ok
bl 4% 5% B B B R m SE I FE 245 47, 2T Market-mini
Duke-mini A &% MSMT 17-mini = 4™ 44 48 347 50 0IF,
SLIG A SRR B, AZ N 48 BE A BT AT Nl AN 2
i) A, S B v ) /INRE AR AT N B R HE A 2. R R K
) A A oK DL B H B0 R S ik, 4k SR N TFJEAT
NEEAS BB T H 5 35 B R o) R 7, DA it
TRELSCTF TR EE AT N EE AR i) R (L e ke S8 i
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