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Object Re-identification via Class Pruning
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* Concept: Coreset selection aims to reduce dataset size by selecting informative samples .
o o ) Greedy Sample Selection
from original dataset while min| ng performance degradation.
ot o] Datasets Market1501 MSMTI7-V2 CUHKO03-NP VeRi-776
Original dataset - | @ Budget 500 1,000 500 1,000 500 1,000 500 1,000
Sample Selection e — " 3 Ratio (%) 3.8 7.7 15 3 6.8 13.6 13 26
Original | =%, 2% performance Metric | mAP__R-1 mAP _R-1 | mAP__R-1 mAP R-1 |mAP R-l mAP R-1 |mAP R-1 mAP R-l
| dat . @ Whole | 87.2 943 872 943 | 60.6 812 606 812 | 757 780 757 780 | 79.1 96.7 79.1 96.7
| frne 3 * Uniform | 147 317 423 638 | 2.0 6.2 300092 | 27 20 209 193 | 13.0 331 322 574
o [ p— Diveniy i@ * Random | 37.0 583 545 733 | 7.6 187 154 320 | 155 134 353 363 | 249 521 348 642
| —» ----- > Performance e * A * Forgetting | 30.5 522 491 716 | 28 94 48 139 | 120 108 297 287 | 109 30.0 23.0 528
| * Avoidance * AUM 492 718 574 78.0 | 132 325 174 395 | 246 229 344 346 | 232 568 299 656
O s e s ELIN | 462 702 594 804 | 45 130 39 98 | 168 146 311 312|190 523 265 627
Fig 1. Basic concept of coreset selection.
Fig 5. Overview of the proposed framework: (left) Diversity-driven Class Pruning, and (right) Coverage-Prioritized Sampling, GraNd | 381 610 552 757 | 84 220 152 341 | 118 104 283 269 | 222 573 264 608
What makes CS for ReID different from Classification? Moderate | 363 578 558 751 | 83 202 155 336 | 164 151 359 345 | 214 496 338 625
« [Stage 1] Diversity-driven Class Pruning (DCP) CCS 43.0 642 572 763 10.3 24.7 16.6 351 | 17.8 154 356 358 | 26.7 56.0 352 67.3
. _ Core Motivation Proposed | 562 765 67.1 83.8 | 159 346 262 502 | 303  30.6  d43.1 446 | 337 60.7 419  68.0
w0 = Socane : low-diversity classes are redundant and les: Tab 1. Performance comparison with state-of-the-art coreset selection methods on 3 person RelD datasets and 1 vehicle RelD dataset
* - Diversity Measurement
) —> r=0005
s Datasets Market1501
a0 ¢ = .
e i e s P dont s Tr(Cov(F)) Budget 500 1,000
2 Ratio (%) 3.8 7.7
() ® 10 o Method |#Class SPC__ MMD | #Class  SPC MMD o
: Bottom a percentage of diversity score classes are removed.
O arkeriS0r MSMIL7VZ CURKOINP  VeRL776 This all ine cl \ ) Uniform | 751 133239 751 2.00 1.27
: This allows remaining classes to have more samples.
Fig 2. Comparison of (/efi) Classification and (right) RelD datasets. ~ Fig 3. Random class pruning enhances RelD performance. . N Random | 514 195 1.87 590 234 1.49
° c -> Better intra-class diversity per class.
Forgetting| 451 222 2.03 549 273 1.69 .
+ Observation 1 (01) Fig 5. High-diversity classes (left, Preserved) and Low-diversity classes (right, Pruned) AUM 144 6.94 110 191 785 1.00 4
: Coarse vs. Fine-grained charac s across classes. + [Stage 2] Coverage-Prioritized Sampling (CPS) EL2N 208 4.81 0.71 280 5.36 0.70
> O1I states intra-class diversity is important to learn class-discriminative feature. —
0. P - Core Motivation GraNd 411 243 1.78 505 2.97 1.55
=> To capture Intra-class diversity, enough budget per class is required. : reducing redundancy within class yields better intra-class diversity. Moderate | 488 2.05  1.79 579 2.59 1.56 H 5
. - . ccs 356 281 173 416 361 145 14 P2 Y
+ Observation 2 (02) - Facility Location
. . e 5. . 2 X .
: Shared vs. Disjoint label space across train and test sets. Proposed | 167 %9 028 7 67 029

> 02 provides a feasible solution: discard classes and assign more budgets per class.

 Fig 3: Random class pruning allows more budget per class with better RelD performance.

Extension CS to RelD datasets: Finding Optimal Classes

New Formulation of CS for RelD
: Find not only optimal samples

Original dataset .
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s to preserve.
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Fig 4. Concept of coreset selection for ReID
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: For each class, iteratively select samples that maximize coverage gain with greedy manner.

: When the gain becomes smaller than threshold z, sampling is terminated for that class to aveid redundancy.
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Fig 6. Visualization of selected (diverse) and pruned (redundant) samples for each class by CPS.

Tab 2. Statistics of coresets constructed by different methods, SPC: Samples Per Class.

Fig 7. Visualization of selected sample by CPS with different values of 7.
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Fig 8. T-SNE visualizations of most frequently selected 15 identities by each method on Market1501 dataset under 1,000 image budget. Orange and gray color
indicate selected and unselected samples, respectively.




