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1.Introduction
I:I The problem & Motivation

v’ Supervised person re-identification (Re-ID) requires time-consuming annotation.

To reduce the labeling cost, we study the semi-supervised Re-ID.
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O Our Method
v’ Attribute similarity guidance loss by selective attribute similarity preservation.
v Attribute-guided self training framework.

2. Methodology
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O Attribute-Guided Self Training Framework

v" Memory-based feature learning
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v’ Clustering-based feature learning
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. EXperimental results
O i i
Experiment settings
randomly selected 40 identities as labeled data and the remaining
identities served as unlabeled data
_ source dataset - - source dataset DukeMTMC | Market-1501
source dataset — target datasel Market-1501 | DukeMTMC target dataset Market-1501 | DukeMTMC
target dataset DukeMTMC
. method R-T | mAP | R | mAP method R-T | mAP | R-1 | mAP
n results Methods Tabeled IDs | R-T | RS | R0 | mAP
TSRO (6] 01D 320 | 357 | 423 | 88 ""“P‘;’“‘ net 232 ?‘2’; :‘1“2’ 3(‘)‘2) i\“fi?d“w net 2%3 ijg :Zz 2(2‘-2
= dai - All-in-one [27] 40 1Ds 325 | 486 | 567 | 167 reid net 4| 343 | 512 | 30. reid net . 2 | 63 ¥
e oo seudo label 122] | 401Ds | 406 | 565 | 638 | 213 reid net + ASG 653 | 373 | 576 | 363 reid net + ASG 736 | 453 | 658 | 445
Methods e TCP [3] 301Ds ST9 [ 674 [ 723 | 3L reid net + ASG (W/o ASP) | 57.0 | 30.6 | 483 | 27.4 || reid net + ASG (wio ASP) | 72.0 | 43.6 | 64.0 | 42.8
EDS I*I 40 IDs 532 | 68.2 | 738 | 30.1 reid net + ASG + SE 78.1 | 527 | 719 | 515 reid net + ASG + SE 844 | 637 | 752 | 559
A”‘-SRO [“‘L” jﬂ }B* iz‘ :gi 2}3 ﬂ”l PAUL [12 T01Ds SLT | 675 | 739 | 7
in-one (2 o 3 | o83 il s $SG ||<| 40 IDs 656 | 780 | 81.6 | 460
Pseudo label [22] | 401Ds | 452 | 602 | 66.7 | 235 - 3 . .
TCP [3] W0IDs | 658 [ 82 | 825 | 444 Ours 401D 719 [ 814 [ 847 1 515 Table 2: Ablation study
EDS (5] 0y | et | 76 | 821 | w3 MVC [4] T3 of all IDs | 557 | - [
PAUL [12] J01Ds T 610 [ 736 750 T 303 Ours 173 of all IDs | 76.7 | 863 | 88.6 | 58.1
SSG [15] 401Ds | 738 | 83.0 | 867 | 543 Source datasel B
Ours J01Ds__| 752 | 840 | 872 | 559 target dataset Market-1501 source dataset DukeMTMC | Market-1501
urce dataer DukeMTNC Methods Taheled IDs | R-T | RS [ K10 | mAP, farget dataset Market.1501 | DukeMTMC
Target dataset Market- 1501 TSRO [6] 015 332 | 516 [ 604 | 115 T
Methods Tabeled TDs | R-T 5T R0 | mAP All-in-one [27] 40 IDs 444 | 660 | 739 | 192 known identities R-1 mAP R-1 mAP
TSRO 6] TR ESE R R Pseudo label [22] | 401Ds | 467 | 672 | 752 | 217
All-in-one [27] 40 ]D; 524 | 696 | 756 | 213 TCP[3] 40 Ds 607 [ 772 83.1 [ 321 20 82.8 59.4 72.3 539
40ms | 541 | 717 | 780 | 244 EDS [5] 40 IDs 503 | 68.0 | 758 | 242 40 844 | 63.7 | 752 | 559
H01Ds | 754 | 888 [ 926 | 481 PAUL [12] 301Ds 519 [ 653 | 750 | 244
DS (5] 401Ds | 724 | 872 | 907 | 450 SSG [15] 40 1Ds 709 | 85.0 | 89.8 | 462 _ 80 § 85.5 05.5 76.1 56.2
PAUL [12] J01Ds 07820 877 312 Ours. 30 1Ds 781 | 89.01 | 920 | 527 fully supervised 93.3 78.3 83.9 70.3
SSG [15] 401Ds | 823 | 920 | 945 | 616 MVC [4] 173 of all IDs | 753 | - [ 26 - - .
Ours 401Ds | 844 [ 929 | 95.1 | 637 Ours 173 of all IDs | §7.0 | 94.1 | 962 | 666 Table 3: Analysis on the number of known identities

Table 1: Comparison with related methods
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