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Theoretical Guarantee

Theorem 2 (Proof in Appendix A.3.1). Let H be a class of functions h : R® — R, and let h
be Lipschitz-continuous with constant Ly, > 0, and the loss function £ be Lipschitz-continuous
with constant L; > 0 and bounded within a finite range |0, B] Consider: 1. Optimized per-

turbation added to the original data: Cres = {zles, gresyr . 2. residual injected dataset
(FADRM): CEADRM = {5:,,, Ui }_,. 3. patches selected from the onginal dataset: O = {x;,y; } "
4. discrepancy A = L3 ||5:""‘33 — a:,,,|| Let hyos € H denote the hypothesis tramed on

Ce, and hpaprMm € 'H be trained on CFADRM- Define the corresponding empirical risks:

Problem Statement Methodology

Our method 1s based on three components:

1) Adjustable Residual Connection — mitigating Information Vanishing.
2) Muti-resolution Optimization
3) Mixed-Precision Training

Dataset Distillation (DD) aims to synthesize a compact dataset
C that allows a model trained on 1t to perform comparably to one
trained on the full dataset O. The objective 1s to minimize the

performance gap between the two models: } improve generation efficiency.

Ares = L Ez 1 (hres(mres) ~'res), ‘CFADRM _Zz 1 (hFADRM(mz)ayz) Assume:
Original Patches _ Distilled Images
argmin_sup_|L(fs, (), ) = L(fo (), )] 5 o (400) < (oG
clcl (xy)~0 = % %
:§ . g vee s g Then the generalization bound of hraprM IS rigorously shown to be tighter than that of h..s, i.e.,
The key challenge 1s to preserve essential information and % &j cg LraprM + 2B - R (H 0 Cpaprm) < Lres + 2B - R (H 0 C7).
generalization ability while drastically reducing data size and s 3 3 A
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Upsample
o "ﬁ'_’:_’_’;'%" | Model #Params RDED EDC CV-DD FADRM+
Motivation e B - ResNet18 [11] 117M 420 486 460 50.9
' y y . 1T 1 1 Residual Block 1 Residual Block 2 Residual Block 3 ResNet50 [1 1] 25.6M 49.7 4.1 S1.3 57.5
1) Information Vanishing: As optimization progresses, ki o i ResNet101 [11] 445M 483 517 517 58.1
. . . . . Crge av. —— erge a=0. .
information density first increases but later declines due to local Origin] | N i N EfficientNet-BO [35] 39.6M 428 511 432 1.9
o | o | Puces P N7 D MobileNetV?2 [28] 34M 344 450 390 45.5
feature loss, causing information vanishing that reduces image = N 1 ShuffleNetV2-0.5x [44] 1.4M 19.6  29.8 27.4 30.2
B PRE . - Swin-Ti 22 28.0M 29.2 38.3 — 39.1
fidelity and downstream performance. sooxaol || —— zsz—» 200><200JJ—> 224><2E — “‘Zi Rlens)ll\IE:tS%)-z (1] 63 OM 50.0 B 539 59 1
680 S — - DenseNet121 [13) 8.OM 494 - 509 55.4
| | ———— 2y DenseNet169 [13] 142M 509 - 536 58.5
2 : /A\/ ) | ;é /\/\/"\/\,\Jw\/\/ g DenseNet201 [13] 20.0M 49.0 — 54.8 59.7
S 50 W s /\ ’\ 23 | | In ARC, a large merge ratio z
E6as| | N 30 favors optimized patches; a small ¢ Distilled Image Visualization
& an —— W/ARC = SRe2L++ one favors original patches. S + e
W/O ARC Z29 ——— RDED S s BRI LR EINTW STIhReG B Jus L P h
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2) High Computational Overhead: Large-scale data synthesis | ResNetl§ | ResNet30 | ResNet 0] =
: : : : Dataset  IPC (Ratio) |RDED EDC CV-DD FADRM FADRM+ RDED EDC CV-DD FADRM FADRM+ RDED EDC CV-DD FADRM FADRM:+
demands hlgh computation, with EDC taklng ~70 hours for a 50- 1(02% | 171 397 283 318 406 | 109 361 287 273 374 | 112 323 290 292  40.1
S . ClEARJ00  10Q20%) 569 637 627 674 679 416 621 65 665 6714 | S4l 617 638 683 689
IPC dataset, hmltlng ]arge_sea]e or repeated experiments. 50 (10.0%) 668 686 67.1 710 713 | 640 694 682 715 721 679 685 676 719 721 N
Whole Dataset 78.9 79.9 79.5 £
R (S N e R SRS VAR 1(02%) | 118 392 306 286 404 82 359 251 284 394 | 96 406 280 279 419 o
TinylmageNer J0@0%) 419 512 478 489 528 384 502 H8 473 BT 209 516 414 478 536 2
Method Time Cost ()  Peak Memory (GB) 50 (10.0%) 582 572 541 564 587 456 588 547 570 603 | 412 586 541 572 608 7 .
60 Whole Dataset 68.9 71.5 70.6 Code lS here
SRe?Li+ [6] 5 59 53 10.1%) | 358 362 362 392 | 270 276 311 319 | 251 253 263 293
- " o Nee | 10(10%) 614 641 648 690 550 614 641 681 540 6.0 619 637 -
< ol FADRM 0.47 29 8 50 (52%) | 80.4 816 836 846  81.8 820 841 854 | 750 80.0 803 82.3
o : Whole Dataset 93.8 89.8 89.3
5 30 IPC=1 IPC=10 IPC=50 G-VBSM [30] 17.28 214 1(0.1%)  20.8 214 210 28 178 9.1 195 199 | 196 199 200 21.8
2 ’ CV-DD 6 220 234 10(1.1%) | 385 93 445 513 352 478 449 541 313 26 404 514 S
2 | 6] ImageWool 50 (539) | 685 719 723 6 610 N2 710 NI 591 609 703 706 ~
ol EDC [31] 4.99 17.9 Whole Dataset 88.2 71.8 82.7 9:
FADRM-+ 1.09 11.0 10.1% | 66 128 92 90 147 | 80 133 100 122 162 | 59 122 70 68 14.1 o E
' ' ‘ ' ‘ ' 10(0.8%) @ 420 486 460 484 509 497 541 513 545 575 | 483 517 517 548 581
0 0 1000 150 2000 250 ImageNet-Tk 5 3995) 565 580 595 601 612 | 620 643 639 654 669 612 649 627 660 610
Training Time (GFU Hours) Whole Dataset 72.3 78.6 79.8
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