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Algorithm 1 PyTorch-Like Pseudo-Code for SuA 1ZEFTELGIYETEE, RIEAREIIIALE
e e O SRR AERT R, BAIA— AR A

# eps: a small value added before square root for numerical stability 713K >
# mode: control the difficulty of the augmentation style %I Rﬂj:EiE E,'Eo
if not in training mode:
return x
B = x.size(0) # batch size
mu = x.mean(dim=[2, 3], keepdim=True) # compute instance mean
var = x.var(dim=[2, 3], keepdim=True) # compute instance variance B =
sig = (var + eps).sqrt() # compute instance standard deviation

mu, sig = mu.detach(), sig.detach() # block gradients 1 l-l_%;k{ﬁ_]:t’]{a*[w E%

W
E Lhw

w=1

m‘,_
S
Mm

h

—

x_normed = (X - mu) / sig # normalize mput 1 H W
if mode == 0: # data without augmentation O = \| —= Z Z(:Bhw — }1,)2 + €
mu_per = 0 HWh 1 w1
sig_per =0
elif mode == 1: # augment data with easy style
mu_per = torch.normal(0, 0.1, mu.size(), requires_grad=False)
sig_per = torch.normal(0, 0.1, sig.size(), requires_grad=False)
elif mode == 2: # augment data with harder style r— K
mu_per = torch.normal(0, 0.15, mu.size(), requires_grad=False) 2| }3 —1{%4”’ )\ : Lnormed — pu

sig_per = torch.normal(0, 0.15, sig.size(), requires_grad=False)
mu_SuA = mu + mu_per # generate SuA mean
sig_SuA = sig + sig_per # generate SuA standard deviation
return X_normed * sig_SuA + mu_SuA # denormalize input vsing
the SuA statistics
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Algorithm 1 PyTorch-Like Pseudo-Code for SuA

# x: nput features of shape (B, C, H, W) d Hper ™~ N(U, 0-1)

# eps: a small value added before square root for numerical stability * 0| . m ==1:
3. 8RR odae

# mode: control the difficulty of the augmentation style
if not in training mode:

Oper ~ N(0,0.1)

return x
B = x.size(0) # batch size Lper ~ N(O 0.15)
mu = x.mean(dim=[2, 3], keepdim=True) # compute instance mean mode: - P ’
var = x.var(dim=[2, 3], keepdim=True) # compute instance variance :
sig = (var + eps).sqrt() # compute instance standard deviation Oper ™~ N(U, 0'15)

mu, sig = mu.detach(), sig.detach() # block gradients
x_normed = (X - mu) / sig # normalize mput
if mode == 0: # data without augmentation

JERSRERREE: T

_ sig_per = 0. _ OguA = O + Oper
elif mode == 1: # augment data with easy style

mu_per = torch.normal(0, 0.1, mu.size(), requires_grad=False)
sig_per = torch.normal(0, 0.1, sig.size(), requires_grad=False)
elif mode == 2: # augment data with harder style | - A . T =7 o +
= . ! . . | .
mu_per = torch.normal(0, 0.15, mu.size(), requires_grad=False) 5 }i} EI 1%§HJA Sud normed * TSuA T HSuA
sig_per = torch.normal(0, 0.15, sig.size(), requires_grad=False)
mu_SuA = mu + mu_per # generate SuA mean

et _nommed = S SuA + mu_SuA + denormae ot v ABLIAIEY [ ERSFEFR N FAXIEATREIHEE (SuA) | &

FARRUSHOSHEDE, LRI Ra e A ERT .
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Inner loop learning rate o

Outer loop learning rate 7;
for iter in SpML do

1:

2 Divide learning process into multiple stages; — /\ .

3 Meta-Train S:a{g]e: ’ ¢ 1 -71_11‘} | éﬁ\lz) | EX . l6’1 - 90 - QVLmt’r“ (90)
4 Take the original domain data x ;

LF Compute meta-train loss L., (60):

6 Optimize the first stage model by SGD and inner loop

7 learning rate o

8 B — L_QGD(FL”LH.(H[]),.‘I‘, a);

9 Meta-Test Stagel:

10: Take the augmented domain data &' ; — J‘—t /\E}'L .

11; Compute the meta-test stagel loss Loe 1(f1): Z-Elljlxl l‘I B“ 21 . 92 = 91 - Qv(Lmtr(Qn) + Lmte_l(lgl))
12: Optimize the second stage model by the combination

13: of the first two losses:

14: ﬂ'.! — SGD(VLHLH'(G[]) + vLTnts_l (01)-:;?:1- (});
15: Meta-Test Stage2:

16: Take the augmented domain data #2;
17: Compute the meta-test stagel loss L, 1(6,) and
18: opt[iamize the third stage 1g'n0de]: et () 3 —:mu\—tBAERZ . 0. — @ I 9 I 9 I 9
19: 03 < SGD(VLir(00) + VLo 1(01)+ JGIANIP) TR < . 3 = 0y — aV (Lt (60) + Linte 1(01) + Linte 2(62))
20 vL’-:n,Lt—.'_Q (62): 5%2: Oﬁ)
21: E dRepeat this operation until training all augmented data
nds;

22: Optimize the original model:
23: 0 < Adam((V Lo (00) + Vte_1(61) + ...), 1)
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Algorithm 2 Training Procedure of SpML n = !
Input: n augmented domains X = {:;r.‘., L, ..., ;?:'”"}. 4' ﬂl1’tAIt . 0i o 0; —aV Lm“"(gﬂ) + Z :Lmte_j(gj)
Init: The initial model with parameters @ j=1

Inner loop learning rate o

Outer loop learning rate 7;
1: for iter in SpML do
2 Divide learning process into multiple stages;
3 Meta-Train Stage:
4 Take the original domain data x ;
LF Compute meta-train loss L., (60):
6 Optimize the first stage model by SGD and inner loop . n
7 learning rate o; 5 E%ég{t{% . 0 =68— nv Lmtr(go) + Z Lmte_a-(gi)
8 B — L_QGD(FL”LH.(H[]),.‘I‘,O:)', ) - ) i1
9 Meta-Test Stagel:

10 Take the augmented domain data !

11: Compute the meta-test stagel loss Loe 1(f1):

12: Optimize the second stage model by the combination
13: of the first two losses:

14: ﬂ'.! — SGD(VLHLH'(G[]) + vLTnts_l (01)-:;?:1- (});
15: Meta-Test Stage2:

o memmmesenn s REARERTESRINRE, BIRETERKSE,
L e et LUEBSIERS AL, ReRRAdamitiLERHTRRIAAAL,

20 vL’-rn,Lr—.'_Q(BQ): 5%2: Oﬁ)

21: E dRepeat this operation until training all augmented data
nds;

22: Optimize the original model:
23: 0 < Adam((V Lo (00) + Vte_1(61) + ...), 1)
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» Protocol-1: {R{ERITRIEAN)IIZEEHT T4k ® FTM4E: ResNet-50
» Protocol-2: {5 FRRIEATYIIZREERNMIH SE5K) || MR EL ® MAER: 256 x 128

- JEd Top-kAIEITRBEE(MAP)FIEFRILEFAE(CMC) IS httsE. ® batch size: 64

Adam{fi{t.zg
SUAXT e R

| | I
| | I
| | '
L | - EZR: 0.0005 :
) SEMEEISENSZE: 0. 01 |- PIEBEERAIINBIEF AN IR 35%10° |
| b) #£SpM L —HERRITTE BN L. AU10 1 epochZL B INZN3.5 x 107 :
| | I
! | |

« 20, 30. 40 epoch afIngBIEIR0.1
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{5 leave-one-domain-outfMNX G U ESIREEX! 53 /9111 2/ Mt ak
M:Market-1501 D:DukeMTMC-RelD C:CUHK 03 MS:MSMT 17

Method Backbone MS+D+C—M MS+M+C—D M+D+C—MS MS+M+D—C Average

mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1

QAConv [22] ResNet50 39.5 68.6 43.4 64.9 10.0 29.9 19.2 22.9 28.0 46.6
CBN [75] ResNet50 47.3 74.7 50.1 70.0 15.4 37.0 25.7 25.2 34.6 51.7
SNR [20] SNR 48.5 75.2 48.3 66.7 13.8 35.1 29.0 29.1 349 51.5
DAML [30] ResNet50 49.3 75.5 47.6 66.5 12.6 322 29.3 29.8 34.7 51.0
CamStyle [76] ResNet50 48.7 75.1 47.1 66.0 11.7 31.1 28.6 293 34.0 50.4
M3L [39] ResNet50 51.1 76.5 48.2 67.1 13.1 32.0 30.9 31.9 35.8 51.9
M3L [39] ResNet50-IBN 52.5 78.3 48.8 67.2 15.4 37.1 31.4 31.6 37.0 53.6
OSNet [77] OSNet 44.2 72.5 47.0 65.2 12.6 33.2 23.3 23.9 31.8 48.7
OSNet-IBN [77] OSNet-IBN 449 73.0 45.7 64.6 16.2 39.8 25.4 25.7 33.0 50.8
OSNet-AIN [77] OSNet-AIN 45.8 73.3 47.2 65.6 16.2 40.2 27.1 27.4 34.1 51.6
MetaBIN [23] ResNet50-IBN 52.7 78.8 50.4 68.5 14.8 36.1 29.3 294 36.8 53.2
SuA-SpML (ours) ResNet50 56.6 81.0 51.2 70.8 18.2 42.8 32.0 33.1 39.5 56.9
SuA-SpML (ours) ResNet50-IBN 59.1 83.2 51.9 71.6 20.4 47.1 333 344 41.2 59.1
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I |
' ANBFEEETTFHNER |
: MSFDHC= ResNetsD 206 oLO ResNetSIO A0 ResNet50 I:IlBN :
I M ResNet50-1BN 59.1 83.2 ] :
I L :I-” AY \é:t i} ~ H : ’ I
: MM C ResNet50 512 70.8 E’JI)JIK n% ’JﬁEfF,J’d’J’ili :

SR A=Y e =

! D ResNet50-1BN 51.9 71.6 > LY B 1R |
: M+D+C—M ResNet50 18.2 42.8 1 :
! S ResNet50-1BN 20.4 47.1 |
| MS+M+D—  ResNets0 32.0 33.1 AXWLEEREFYZ
| C ResNet50-1BN 33.3 34.4 ) EEn! !

POz T ResNet50E F/ILEFEHImAPFIRank-1EEMRL I 3. 7%F15.0% |
ResNet50-IBNFEFRILZEIImAPFIRank-1EE M3L & Hi4.2%7F(15.5% |
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Protocol-2/5 & ##1TEER

T T T T T T T T TS s s m == F— =~ — T m s m——— = 1
|
! MS+D+C—M MS+M+C—D | :
| Method L |
! mAP  Rank-l | mAP  Rank-l e Market 1501%5HH5.9% mAPFI4.6% |
| RaMoE [21] 56.5 82.0 56.9 36 | Lk :
: SuA-SpML(ours) 60.8 84.8 53.9 72.7 | N l
| SuA-SpML(ours, IBN) | 62.4 86.6 54.8 734 1® MSMT 1758.2% mAPF114.5% !
|
| Method M+D+C—MS MStMiD—C  , rank-1 |
, mAP  Rank-1 | mAP  Rank-1 1 ® DukeMTMC-RelDEUHESE FIHEERERRT :
! RaMoE [21] 13.5 34.1 355 366 | PE :
| ‘
SuA-SpML(ours) 19.6 44.2 34.8 35.7 I KOHRAE Lt EE A I
! ® CUHK 03%EE 1%
| SuA-SpML(ours, IBN) | 21.7 48.6 36.0 368 SRS LIEREHES !
L e L o o o e _ 1

EARaMoEfEDukeMTMC-RelDFICUHK 03#uESE L3 ¥ SRR G AR, (BANAIGE
EMarket 1501F0MSMT 1783EE LRIMBEA RN T E, XFRIBANNG ZEEEHFAYZ{LEE
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Market—Duke Duke— Market
U'J —AMaEE )14k, eizmalp50 Method Backbone | P Rank-1 | mAP Rank-1

ResNet-IBN [82] ResNet50 24.3 43.7 23.5 50.7

OSNet[77] OSNet 25.9 44.7 24.0 52.2

OSNet-IBN [77] OSNet-IBN 27.6 47.9 27.4 57.8

OSNet-AIN [77] OSNet-AIN 30.5 524 30.6 61.0

Market—Duke QAConvsg [22] ResNet50 287 488 | 272 586

SuA-SpML (ours) ResNet50 334 54.4 35.2 64.1

Method Backbone

OSNet-AIN [77] OSNet-AIN 8.2 23.5 10.2 30.3
QAConvsg [22] ResNet50 7.0 22.6 8.9 29.0
SuA-SpML (ours) ResNet50 9.1 26.0 12.0 33.8
SuA-SpML (ours) | ResNet50-IBN | 11.0 30.1 13.6 37.8

1
2
3. Market—MSMT Market—MSMT | Duke—MSMT
4

mAP  Rank-1 mAP Rank-1
Duke — MSMT

l
l
l
l
l
l
|
l
Duke — Market : SuA-SpML (ours) | ResNet50-IBN | 348 555 | 363 658
l
l
l
l
|
l
!

i_ EMSMT L, ZISS'ZE’JE/i\@EHDuke‘JZMarketl_ﬁiJ 7, BILUXREISERZIREIESIIL
L JAEERRE, RIASIARBRIFAINFIEES., !
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| ETFM LT ResNet 50f1ResNet 50-IBN#HTIERIAAR, AntTFHEH A EHENAENER .

e e 2 e '
! MS+D+C—M MS+M+C—D | '
I Method mAP  Rank-1 | mAP  Rank-1 ! it . '
| | 1 RASHEERESUAIL HSER |
| ResNet50 Y) 728 462 655 | A B R IS (£ :
: +SuA 50.3 76.1 48.5 674 , B, XXIEIE=IRE=HYIZ 1R !
: +SpML 49.2 75.4 48.2 671 | !
: +SuA+SpML 52.6 78.0 49.8 685 T T T T T T T TS oo m oo s o - — - —— '
| +SuA+Lg, 45 M2 | 502 694 | :
SuA-SpML(w/o ms) | 55.4 79.9 50.5 69.8 ———

| SuA-SpML 56.6 81.0 512 708 i EZEL—r e SpMLE’JL . AAnRE :
| ResNet50-IBN 76 740 | 415 664 | FIFARNEBHIRE, H— '='1‘;"< JEI’J Z1LEEST
I +SuA 54.2 78.8 49.4 68.5 1 '
| +SpML 53.1 77.4 48.8 680 bmm e mm e e e
! +SuA+SpML 56.5 80.2 50.8 01| N _ e s :
L A-i-SSlll\[;E(LC;g | g;; 2; .(1) gtl)g ;8.3 S IEBEENSTHRAKL LU — S RHETEENE |

UA-Sp wW/0 ms . . . . ] =\ SR At A<ARSE = es S |
! SUA-SpML 201 03 e e | EhE N ASHE S A TR mFS :
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AT E—SRRIESEFHRKES AT RUAEA TR, T 7 RN EsELe: 187859
STRRRYIEIB)EIBE RS RILLER 2. 3977 REBAIELER.

g
Be __. o . OO0 ETERAHIESIEEEURE(O—A),
D1 IeENTIRAERT, B RS IR0 A)
sle sle . - ‘?iﬁﬂ % —=J I/ a% X\ 2 A_)O
— \ X O — ALLA— OFI (=]
S, HENFERREESIARH A= OFIEL, EFE
_ " " STANRIGZE, X2HETFEER
75 NG INTOIEAN, S S
B, HABEIRMARITRIRIE.
Graph Dis(w/o0 Lgg) Graph Dis(with L) Original —Augmented Augmented— Original
Target Var(0.1)  Var(0.15) | Var(0.1)  Var(0.15) Target mAP Rank-1 mAP Rank-1
Market1501 0.73 1.38 0.0104 0.0154 Market1501 45.6 74.1 38.9 66.8
DukeMTMC 0.78 1.41 0.0105 0.0163 DukeMTMC 38.2 57.3 27.3 45.4
MSMT17 0.63 1.24 0.0094 0.0136 MSMT17 12.4 32.5 7.3 20.6
CUHKO3 0.82 1.75 0.0106 0.0178 CUHKO03 24.5 24.9 15.1 14.5
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<)

s
w\ 9‘:(\‘

|
I ]I v » kv77) (NS
OO BRI > BRATAISUATIL 1 SEIU T 10.3%HIMAPFI6 4%HT !
| = ;
! o . MS+D+C—M rank-1HE &0, |
Method Train Time (s) | Test Time(s . “ . |
| © Y mAP Rankcl > ZERMERSMetaF ISHMLE, REERE
ResNet50 0.92 0.007 442 728 oS 1 N X -
: +SuA+L g, 2.34 0.007 545 79.2 56.6% mAPF[181.0% rank-1, |
| SuA-SpML(w/o ms) 5.92 0.007 554 199 3 DG RelDEFESCRRRM EE I T :
| SuA-SpML 9.83 0.007 566  81.0 " . S : "
! i, AIAAAXREREIR BRI S, |
|
__________________________________ e=c Afoem T T T T 77
| 3 HHTERESUAE |
| N MS+D+C—M MS+M+C—D '
l > 1%SUAF_“_LJEI§:.|:¢58{EE?&%U)§§EMT|:B Model mAP Rank-1 mAP Rank-1 :
| e ResNet50 442 72.8 46.2 65.5
I EREHR =T EFAIMERE. SuA(resl) | 474 743 74 662 :
I . SuA(res2) 48.2 74.6 47.8 66.5
: > RFSUARFEFres1Hres2oE SN SuA(res12) | 503 76.1 485 674 |
: SuA(res3) 44.6 71.6 45.8 65.3
E [+ H-L2b u |
: T EfEMRE. SuA(resl3) | 45.6 73.7 46.7 65.6 |
sz , SuA(res123) | 47.4 74.2 47.4 66.3
' > RFSUARIAEFresdly, 1EREFFIR. gulgzi234)) 387 6713 | 422 6Ll :
: SuA(resld) | 424 715 | 453 644 |

MisE. HEafh. #xl. BER HEIREF



44 %%

CHONGQING UNIVERSITY

g,

08 BEESR

Market-
a2 (a) Market-1501 5o 72 (b) DukeMTMC o4

== Rank-1 (%) == mAP (%) == Rank-1 (%) == mAP (%)
81 _/'rh"‘--. ) 58 & i s > — sV 2 s]s
E:Eso /'; . L\'\E 57;15 iEm /-/’?’ - \D'\.._h 52% > ESpM LEP1E%Z:E$S Izil\ Qé&nﬁgll‘iﬁgo }\Ajz/\g:é:%EF I
o . ...‘_-h. & o o A A \ —_ < 7>
Mt N S HATRTLABER, Sn = RT3RG&IENRE, FEBRKHI
78 //, ss e8| " 50 A?;ur]*%go
g 1 3 3 3 AL | 3 3 3 549

Stage Number of SpML

Stage Number of SpML

77 (a) Market-1501 =3 . (b) DukeMTMC 51

=0= Rank-1 (%) =C= MAP (%) =0= Rank-1 (%) =o= MAP (%)
DT LSl 7 SsEETASGTEA R, SRERLEL
1 e N b e[ iY, ERERTRERY 78408, M=oERKR, BFERK
S St o N BZEANESN, REBTERRIALTERR, 0.1
73 Sss 48 64 N o = AN

7 47 63 46 Eimlﬁo

0.05 0.1 0.2 0.3 0.5 0.05 0.1 0.2 0.3 0.5

variance of Gaussian Noise

(a) Market-1501

variance of Gaussian Noise

(b) DukeMTMC

59 7 54
== Rank-1 (%) =0 w mAP (%) = Rank-1 (%) = mAP (%)
81 o 58 71 53
-, Py A=
- T > SpMLEPZ ElolEFRHYE . HoHIX[EliZE /90.05A13K15
- -« = - . G G
Ssof .7 N, 518 £70f " ~ 528 I 7/ XE
2 | A N |97 |7 N | = :|::
x 7 S vl o ¥ o ol .< ﬁb
s 79 - < S6E 1569 -~ 51g ]
o -~ ~ e o ~
- ~ -
- ~ o= ~
78{ ° o 155 68 S, [50
77651 0bz 005 01 PR 67651 00z 005 01 02 9

variance interval of SpML variance interval of SpML
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1. IR T —MFETRURHERIEERES, KIS HREMEIER(SUA), 1B
I 1)1 2+ RS HE A HUENSEAIXUS SRS LRI,

2. RET—MERIBELS Metazx2I 7005, HBENRELNZ B F
S, BEIRESEREXIARA B IRERYZ AL

3. RHET—MEEERIFHRK, WS ERNEHERRD M, L
T BB IRERIE T RAIZR .
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