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Training-Free Dataset Pruning Experiment Results

MIBIVE Shape Complexity Score (SCS) Scale-Invariant SCS Class-Balanced SCS COCO Cityscapes VOC

Dataset Pruning
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Training-Free Dataset Pruning Experiment Results
Shape Complexity Score (SCS) Scale-Invariant SCS Class-Balanced SCS COCO Cityscapes VOC

Motivation

Dataset Pruning has NOT been explored in instance segmentation task.
Classification VS Instance Segmentation
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Training-Free Dataset Pruning Experiment Results

MIBIVE Shape Complexity Score (SCS) Scale-Invariant SCS Class-Balanced SCS COCO Cityscapes VOC

Fundamental issues inherent in existing methods.

1) Existing Dataset — — 0.61
Pruning on Classification.

Model Training .
a. Infeasible for Input Image Image-wise Score

Instance segmentation. _
K Infeasible!

0.02/|0.01
Cat
I A
2) Our Adaptation on | ] o.52[0.6500.05]o.04 } @ e o
Instance Segmentation 0.02{0.05/0:75(0.83 '

0.01)0.04|0.86{0.77 (0.75+0.84+

0.86+0.77)/4

Model Training _
a. Slow speed. Input Image (>10 hrs ) Pixel-wise Score Instance-wise Score  Image-wise Score

b. Limited generalization.
c. Impractical for segmentation.

K Feasible but still Inefficient!

4

A

CREATING GROWTH, ENHANCING LIVES




Motivation Training-Free Dataset Pruning Experiment Results
Shape Complexity Score (SCS) Scale-Invariant SCS Class-Balanced SCS COCO Cityscapes VOC
1) Existing Dataset
Pruning on Classification. ' ’ 0.61
a. Infeasible. Input Image Model Tralnmg Image-wise Score
2) Our Adaptation on e @ Cat
Instance Segmentation. — — > ' —» 0.83+0.80 = 1.63
0.02(0.05]0:75|0.83
a. Feasible but still Mode! Training G G s sasro T
Inefficient Input Image Pixel-wise Score Instance-wise Score  Image-wise Score
3) Our Training-Free >< 2l Cat
Dataset Pruning (TFDP) on g U N ' +0.05=0.16
. o Model . P=175 175
Instance Segmentation. Shape Analysis | | =% 3680
Input Image (_<2mins ) Shape Metric Instance-wise Score  Image-wise Score

a. Faster speed.

b. Better generalization. Efficienct!
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Training-Free Dataset Pruning Experiment Results

MIBIVE Shape Complexity Score (SCS) Scale-Invariant SCS Class-Balanced SCS COCO Cityscapes VOC

To the best of our knowledge, we are the first to introduce a training-
free dataset pruning framework for instance segmentation.

Y ours @ .:f:’:‘fﬁ‘-’é’%’; {NeErIiE:'ZIJ {ICEE'SZ?.}
5501 4 0w 1. Better performance.
54.51 ,ours 2. Better generalizability.
sa.0| 0 3% o 3. Faster speed (average of
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Motivation Training-Free Dataset Pruning Experiment Results
Shape Complexity Score (SCS) Scale-Invariant SCS Class-Balanced SCS COCO Cityscapes VOC
Training-Free Dataset Pruning (TFDP) Framework
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Motivation Training-Free Dataset Pruning Experiment Results
Shape Complexity Score (SCS) Scale-Invariant SCS Class-Balanced SCS COCO Cityscapes VOC
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Motivation Training-Free Dataset Pruning Experiment Results
Shape Complexity Score (SCS) Scale-Invariant SCS Class-Balanced SCS COCO Cityscapes VOC
Scale- Invariant SCS (SI-SCS) 2 Instance Areas
Shape Complexity Scale-Invariant
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Training-Free Dataset Pruning Experiment Results

Motivation Shape Complexity Score (SCS) Scale-Invariant SCS Class-Balanced SCS COCO Cityscapes VOC
Scale- Invariant SCS (SI-SCS) Scale bias Solution
Normalize SCS using a circle,
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Training-Free Dataset Pruning Experiment Results

Motivation

Shape Complexity Score (SCS) Scale-Invariant SCS Class-Balanced SCS COCO Cityscapes VOC
Scale- Invariant SCS (SI-SCS) Scale bias Solution
Normalize SCS using a circle,
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Training-Free Dataset Pruning Experiment Results
Shape Complexity Score (SCS) Scale-Invariant SCS Class-Balanced SCS COCO Cityscapes VOC

Motivation

Class-Balanced SCS (CB-SCS) 3. Class Imbalance
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Motivation Training-Free Dataset Pruning Experiment Results
Shape Complexity Score (SCS) Scale-Invariant SCS Class-Balanced SCS COCO Cityscapes VOC
Results on | | mAP | AP | APs

| Time | 0% 20% 30% 40% 50% | 0% 20% 30% 40% 50% | 0% 20% 30% 40% 50%

COCO dataset. :

Random - 342 336 321 31.1 308 | 552 545 528 51.1 510|365 356 341 332 327
Forgetting | 20.29h - 331 323 314 304 - 542 534 522 512 - 352 343 334 321
( M as k R - C N N) Entropy 21.16 h - 332 323 314 309 - 544 535 525 517 - 355 345 332 326
EL2N 12.37h - 334 321 312 305 - 545 529 517 512 - 356 342 332 320
AUM 20.29 h - 335 324 315 310 - 546 533 524 517 - 355 347 334 328
CCS 2029 h - 334 324 317 315 - 541 533 526 523 - 356 344 336 332
Ours 0.014 h - 344 336 331 325 - 555 548 542 534 - 367 354 351 343
Diff. 11349 x - +0.8 +15 +2.0 +1.7 - +1.0 +2.0 +3.1 +24 - +1.1 +13 +19 +1.6
(a) The mask AP (%) results compare different dataset pruning baselines on COCO.
| ‘ mAP® ‘ APs, ™ | AP
P | Time | 0% 20% 30% 40% 50% | 0% 20% 30% 40% S50% | 0% 20% 30% 40% 50%
Random - 377 370 353 34.0 338 | 583 576 56.1 538 543 | 41.1 401 38.0 373 363
Forgetting | 20.29h - 36.8 356 345 340 - 577 562 552 544 - 404 38.7 375 368
Entropy 21.16 h - 36.7 358 347 343 - 576 567 558 552 - 400 392 378 374
EL2N 12.37h - 36.9 357 347 340 - 577 564 551 545 - 40.1 389 376 365
AUM 20.29 h - 37.0 358 348 343 - 579 56.6 556 55.1 - 406 39.0 381 371
CCS 20.29 h - 36.8 357 352 347 - 576 565 56.1 55.7 - 403 39.1 382 375
Ours 0.014 h - 378 372 36.7 359 - 588 58.1 57.6 56.9 - 41.1 40.2 399 388
Diff. 11349 x - +0.8 +1.9 +2.7 +2.1 - +12 +2.0 +3.8 +2.6 - +1.0 +22 +2.6 +2.5

(b) The bounding-box (bb) AP (%) results compare different dataset pruning baselines on COCO.
13
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Motivation Training-Free Dataset Pruning Experiment Results
Shape Complexity Score (SCS) Scale-Invariant SCS Class-Balanced SCS COCO Cityscapes VOC
Generalization Experiments. Scalability Experiments.
(SOLO-v2 and Querylnst) (Mask R-CNN)
Model | SOLO-v2 | Querylnst | | mAP | APso | APso
» | 40%  50% | 40% S0% ;aeltiifril‘zn 20% 30% 40% S50% | 20% 30% 40% 50% | 20% 30% 40%  50%
(%) (4] (%) 0
Random | 355 348 340 33.1 | 566 557 547 538 | 379 369 363 350
Random | 514 51.1 | 533 528 ResNet-101 | Ours 358 353 349 343 | 571 566 564 556 | 382 376 373 366
Entropy 52.8 51.6 55.6 53.9 Diff. +03 +05 +09 +12 | +0.5 +09 +1.7 +18 [ +03 +0.7 +1.0 +1.6
Random | 36.7 36.2 354 343 58.4 58.0 56.8 55.4 39.2 38.4 37.8 36.3
EL2N 521503 | 55.0 52.7 ResNeXt-101 | Ours 372 366 361 355 | 592 588 582 57.6 | 39.9 390 384 379
AUM 525 51.0 | 55.6 54.0 Diff. +05 +04 407  +12 | +08 +08 +14 422 | 407 +0.6 +0.6 +1.6

CCS 530 52.1 [ 550 535 (a) The mask AP (%) results for different IoU thresholds (0.5 to 0.95, 50, 75) of different backbones on COCO.

Ours 531 523 | 559 55.0 | | mAP | AP5,™ | APs™

Diff. +1.7  +1.2 | +2.6 +2.2 ;alidaﬁ"n 20% 30% 40% 50% | 20% 30% 40% 50% | 20% 30% 40% = 50%
etwork

Random | 392 384 37.6 364 | 597 588 579 568 | 428 419 408 396
. ResNet-101 Ours | 398 394 389 381 | 604 602 597 589 | 435 426 424 412
Table 3: The APSO (%) re- Diff. +06 +1.0 +13 417 | +07 +14 +18 +21 | 407 +07 +1.6 +L.6
Sll]tS 1mn the generahzauon Random | 40.8 403 391 380 | 61.6 614 599 587 | 447 442 428 415
. . . ResNeXt-101 Ours | 414 410 403 396 | 626 621 614 609 | 454 450 440 434
ab111ty to different architec- Diff. | +0.6 407 412  +16 | +10  +0.7 +L5 422 | 407 +0.8 412  +1.9
tures on COCO dataset. (b) The bbox AP (%) results for different IoU thresholds (0.5 to 0.95, 50, 75) of different backbones on COCO.

Table 11: The APsy (%) results in the scalability ability to the different backbones of Mask R-CNN

on the COCO dataset. 14
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Motivation Training-Free Dataset Pruning Experiment Results

Shape Complexity Score (SCS) Scale-Invariant SCS Class-Balanced SCS COCO Cityscapes VOC

Results on Cityscapes and VOC datasets. Results on Cityscapes datasets
(Mask R-CNN) (Mask R-CNN Pre-trained on COCO).

Dataset | vocC | Cityscapes | mAP | APsq
P | Time | 0% 20% 30% 40% 50% | Time | 0% 20% 30% 40% 50% | 0% 20% 30% 40% 50% | 0% 20% 30% 40% S50%
Random - 409 394 320 29.0 237 - 276 26.1 21.8 190 16.9 Random | 36.4 354 35.0 35.6 33.8|61.8 60.5 60.8 60.6 589
Forgetting | 21.21 min | - 33.6 30.8 28.1 216| 554h | - 258 232 193 17.1 Entropy | - 347 356 345 343| - 613 62.6 614 60.3
Entropy |21.75min| - 384 342 317 293 | 56lh | - 264 222 201 172 EL2N | - 342 341 352 32.1| - 592 597 618 573
EI2N 1270 min | - 39.1 353 321 298| 3.01h | - 262 226 203 174 AUM - 363 349 344 3391 - 62.6 609 594 594
AUM 2121min| - 352 310 263 192| 554h | - 253 245 212 184 Ccs - 361 361 350 340] - 617 61.7 607 59.7
CCS 2121 min | - 38.8 354 343 308 | 5.54h - 254 2411 199 17.0 Ours - 369 366 366 366! - 628 639 634 628
Ours 0.12min | - 403 38.6 362 334[00051h| - 275 254 234 194 Diff. - *1S 416 +10 +28] - 423 +31 +28 +39
Diff. 1164% | - +0.9 +6.6 +72 +9.7| 1100x | - +14 +3.6 +44 +2.5

Table 5: The mask AP (%) results on Cityscapes (pre-
Table 2: The mask AP (%) results compare different dataset pruning  trained on COCO).

baselines on VOC and Cityscapes. The pruning rate p represents the

percentage of data removed from the full training dataset during prun-

ing. The performance on the full dataset is indicated by p = 0%.
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L https:/github.com/he-

Fii: y/dataset-pruning-for-
w s o instance-segmentation
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https://github.com/he-y/dataset-pruning-for-instance-segmentation
https://github.com/he-y/dataset-pruning-for-instance-segmentation
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