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Introduction

Person Re-Identification

Person re-identification (Re-ID) aims to

Person Re-ID match one person with images captured by
various cameras.

/

Supervised method

Wised methods for person ) UIlSllpel‘VISCd method

Re-ID demand enormous amount of manual
annotated data and the performance badly
\drops when deployed on a new dataset. )




Introduction

Unsupervised Person Re-Identification

Method Dataset Need label

Unsupervised domain adaptation

_|_
(UDA) Source dataset + Target

Source datadset
dataset

Pure unsupervised Target dataset




Introduction

Unsupervised Person Re-Identification

Pure unsupervised (Target dataset)

SPCNet-SI —I—

Side information (Camera information)




Method

[1lustration for the SPCNet-SI.
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SPCNet-S1

Algorithm 1 SPCNet-SI

Input: Dataset X = {x,..xzx}, AV, v, a, T, initial pseudo
labels {w(i )}, 1> and set n < N and t < 0.
Output: {w(i)}¥

i=1
Train the network with {w(i)}, via the loss in (1);

I:
2: while ¢t < T do
3: Set t + t+ 1;
4 Compute {w(i)};L, via 3); 1. Finding candidate clusters to be merged in self-paced
5 Set s < |atN| and A « A(O) — pt; m—)
6: Find s candidates cluster pairs via (10); way
Set n < n — s and update u; via (5) - - - -
. Train network (1) to update © via SGD and U via the | s | 2- Update the cluster center with side information. And
loss in (5) train with cross-camera repelled loss
9: Evaluate model perofmance P on the validation set
10: Once P; < P;_ : train the network with {w(i)},

via the loss (1) in later iterations;
11 if P, > P,_, then

12: Best model = ¢(-, 09)
13: Pb(?st —_— Pt
14: end if

15: end while




1. Finding candidate clusters to be merged 1n self-paced way

soft label Dynamic clustering

o \{l
- Find candidate clusters:

[
et \___ A(Ck,Cy) = 0(C,Cp) + MQ(Cr) + Q(Cp))
| J

O
0’. . o 0(Ck,Ce) = min |p(x;,©) — @(x;,0)||2

® 1€C,JECy
L QC) = D (=),  QCH=D (1—50)
::szlt‘ﬂ;)mll StP/'SN t{-il ey} A9, v, a, T, initial pseudo ’LECk; ]EC@
o B exp(u; ¢(x;,0)/7)

. thnlet;l<Tt‘:ivgkwnh (1 e i 0 K Zézl eXp(uﬁ 90(337,7 @)/ )

B: Sett +—t+1;

u: Compute {w(i)}Y, via (3);
5. Sets < |atN| and A« A — pt
: Find s candidates cluster pairs via (10);
7: Set n <— n — s and update u; via (5)
8: Train network (1) to update © via SGD and U via the
loss in (5)
9: Evaluate model perofmance P on the validation set
10: Once P, < P;_; : train the network with {w(i)}Y,

via the loss (1) in later iterations;
11: if P, > P,_; then
12: Best mod 1 =¢(-,0)
13: Prest = P,
14: end if
15: end while




1. Finding candidate clusters to be merged 1n self-paced way

soft label Dynamic clustering

\ a

b o®

g ),
Euclidean [)lsl.mu. \ . Dynamic Clustering:
0
o o a) Gradual Development Strategy:

S ® = |atN]

Input: Dataset X = {z1,..xx}, A9, v, a, T, initial pseudo .
abels (i)} and set n ¢~ N and 1 -0 b) Annealing Scheme:
Output: {w(i)}Y,.
1: Train the network with {w(i)}X, via the loss in (1);

4
|

2 while £ < T do (t) (O)
B: Sett+—t+1; A p— A

u: Compute {w(i)}Y, via (3);

5. Sets < |atN|and A AO —pt;

: Find s candidates cluster pairs via (10);

7: Set n <— n — s and update u; via (5)

8: Train network (1) to update © via SGD and U via the

loss in (5)

9: Evaluate model perofmance P on the validation set

10: Once P, < P;_; : train the network with {w(i)}Y,

via the loss (1) in later iterations;
11: if P[, >P[,71 then

12: Best model = ¢(-,©)
13: Poest = By
14: end if

15: end while




2. Update the cluster center with side information and train

with cross-camera repelled loss

1.Update the cluster center with side information :

Algorithm 1 SPCNet-SI Cross camera cluster center
Input: Dataset X = {z,,..xzx}, \?), v, a, T, initial pseudo - -
labels {w(i)}X,, and set n < N and t < 0. u
Output: {w(i)}Y,. ! -
I: Train the network with {w(i)}}¥, via the loss in (1); °
2: while t <T do °
3: Sett <« t+1; ° 1
4 Compute {w(i)}, via (3); i\ _ ’EL _ U
5:  Set s+ |atN]| and A + A0 — Un — " " 1 J
6: Find s candidates cluster pairs via (10); [ |Z(Z) | ) )
7: Set n <— n — s and update u; via (5) ° ¥ EI(’L)
8: Train network (1) to update © via SGD and U via the °
loss in (5) )
9: Evaluate model perofmance P on the validation set
10: Once P, < P, : train the network with {w(i)} Un =
via the loss (1) in later iterations; — \CER2 QRS e

11: if P, > P,_, then

12: Best model = ¢(-, ©)
13: [)!wst = Pt
14: end if

£ end whi 2.cross-camera repelled loss :

exp(@; p(x;,0)/7)
> iy exp(ay (i, ©)/7)

,C(ZBZ', ’&w(i), @) = —1In



Ablation Study

method Market-1501 DukeMTMC-RelD
mAP rank-1 mAP rank-1
Baseline* 30.1 64.1 22.7 43.0
Baseline 334 67.2 254 45.6
s + A\ 34.9 67.7 26.6 45.8
s 4\ 35.1 68.2 25.7 471
s 4 \® 34.9 68.7 27.7 47.8
Compare to the SOTA
Market1501
method Reference AP Trank-T Ttank-5 Trank-10 method Reference DukeMTMC-RelD
LOMO [11] | CVPR'I5 | 80 | 27.2 | 41.6 | 49.1 | mAP | rank-1 | rank-5 | rank-10
Bow [41] ICCV’15 | 148 | 358 | 524 | 603 LOMO [11] | CVPR’I5 | 438 123 | 21.3 26.6
PUL [37] TOMM’18 | 22.8 | 51.5 | 70.1 76.8 Bow [41] ICCV’15 8.5 17.1 28.8 34.9
DECAMEL [42] | TPAMI’19 | 32.4 | 602 | 76.0 PUL [37] TOMM’18 | 22.3 | 41.1 46.6 63.0
CAMEL[20] Icev’17 | 2631 54.45 | 73.10 | 79.69 CAMEL[20] Teev'17 19.8 | 402 | 575 64.9
PGPPM [43] | CVPR'I8 | 339 | 63.9 | 8I.I | 86.4 PGPPM [43] | CVPR'I8 | 17.9 | 363 | 54.0 61.6
HHL [32] ECCV’18 | 314 | 622 | 780 | 84.0 HHL [32] ECCV’18 | 272 | 469 | 61.0 66.7
TJ-AIDL [36] | CVPR'I8 | 265 | 582 | 74.8 - TJ-AIDL [36] | CVPR’I8 | 23.0 | 443 | 596 -
P%IXII\P?’] ECCV'I8 | - | 65.7 | - - PTGAN [30] | CVPR’18 | 135 | 274 | 43.6 i
[30] | CVPR'I8 | 15.7-1 386 | 57.3 | - BUC* [39] | AAAT'19 | 21.8 | 402 | 513 | 567
BUC* [39] | AAAT'19 | 287 | 60.6 | 735 | 772 [39] : : : :
SPCNet-SI Ours | 349 | 68.7 | 852 | 889 SPCNet-SI Ours | 277 | 478 | 618 | 641




Conclusions

1.We designed a cross-camera repelled loss to exploits the camera side information
and encourages to explore the association under different camera views.

2. We proposed a soft-label based assignment scheme in the bottom-up clustering.

3. We presented an effective dynamic strategy to regularize the cluster merging
process to help select proper clusters to merge.
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