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Problem Definition

Dataset Distillation

* Concept

= A technique that compresses a large dataset (original dataset) into
a small set of representative samples (synthetic dataset).

" Models trained on the synthetic dataset achieve comparable
performance to those trained on the original dataset.

* Objectives

= Computational efficiency — reduce training cost and time
= Memory efficiency — minimize data storage requirements



Problem Definition

Dataset Distillation

* Model Parameter Matching
= Gradient Matching — Align the direction of parameter updates
from the synthetic dataset with that from the original dataset.
" Trajectory Matching — Align the optimization trajectory from the
synthetic dataset with that of the original dataset.

e Distribution Matching
= Align the data distribution of the synthetic dataset with that of the

original dataset in the feature space.



Problem Definition
Distribution Matching

* Given an original dataset and synthetic dataset,
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Motivation

Characteristics of Point Clouds
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Methods °

Semantically Aligned Distribution Matching
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Methods

Estimation of Optimal Rotations
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Results

Quantitative Results

Table 1
Datasets ModelNet10 ModelNet40 ShapeNet ScanObjectNN
PPC 3 10 1 3 10 1 3 10 1 3 10
Ratio 0.25 075 25 0.4 1.2 40 | 015 045 15 | 0.15 0.45 1.5
Whole 91.41 87.84 82.49 63.84
Random | 355 752 853 | 346 600 741 | 340 548 631|139 204 348
Herding | 401 780 86.9 | 544 685 788 | 495 598 669 | 15,7 277 38.7
K-center | 40.1 776 832 | 544 63.0 653 | 495 514 478 | 157 19.8 24.0
DM 319 776 86.1 | 323 620 752 | 278 561 643|149 233 356
DC 439 750 861 | 520 ©66.6 756 | 498 601 646 | 186 243 353
Ours 447 844 878 | 55.8 721 801 | 50.2 63.7 684 ( 174 316 43.9
Table 2
Datasets ModelNet10 ModelNet40 ShapeNet ScanObjectNN
Method DM DC Ours| DM DC Ours | DM DC Ours | DM DC Ours
PointNet++ | 350 515 829 | 141 469 685 | 203 343 53.2 | 155 1.6 220
DGCNN 56.6 626 79.0 | 348 523 669 | 13.8 38.0 528 | 17.7 125 19.0
PointConv | 334 400 56.6 [ 200 379 513 | 174 340 474 | 152 142 16.8
PT 485 618 77.6 | 26.7 475 616 | 342 426 555 | 171 149 219
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ualitative Results
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