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Outline

» Background

- Knowledge Distillation
- Hinton et al. In 2015 NIPS Workshop.
- Dataset Distillation
-Wang et al. In 2018 arXiv.
* Paper
- Dataset Distillation by Matching Training Trajectories
- Cazenavette et al. In 2022 CVPR (oral).
* Conclusion
- Discussion

- Limitations
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1) Geoffrey Hinton, Oriol Vinyals, Jeff Dean. Distilling the Knowledge in a Neural Network. In NIPS 2015 Deep Learning Workshop.

Knowledge Distillation”
* Model compression method in which a small model 1s trained to mimic a pre-
trained, larger model

« Referred to Teacher-student model

-Teacher : Large model

- Student : Small model
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Knowledge Distillation”
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1) Geoffrey Hinton, Oriol Vinyals, Jeff Dean. Distilling the Knowledge in a Neural Network. In NIPS 2015 Deep Learning Workshop.

Knowledge Distillation”

* Model compression method in which a small model 1s trained to mimic a pre-
trained, larger model
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1) Geoffrey Hinton, Oriol Vinyals, Jeff Dean. Distilling the Knowledge in a Neural Network. In NIPS 2015 Deep Learning Workshop.

Knowledge Distillation”

* Model compression method in which a small model 1s trained to mimic a pre-
trained, larger model
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1) Geoffrey Hinton, Oriol Vinyals, Jeff Dean. Distilling the Knowledge in a Neural Network. In NIPS 2015 Deep Learning Workshop.

Knowledge Distillation”

* Model compression method in which a small model 1s trained to mimic a pre-
trained, larger model
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Knowledge Distillation”

1) Geoffrey Hinton, Oriol Vinyals, Jeff Dean. Distilling the Knowledge in a Neural Network. In NIPS 2015 Deep Learning Workshop.

* Model compression method in which a small model 1s trained to mimic a pre-
trained, larger model
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Knowledge Distillation”

1) Geoffrey Hinton, Oriol Vinyals, Jeff Dean. Distilling the Knowledge in a Neural Network. In NIPS 2015 Deep Learning Workshop.

* Model compression method in which a small model 1s trained to mimic a pre-
trained, larger model
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Tongzhou Wang, Jun-Yan Zhu, Antonio Torralba, Alexei A. Efros. Dataset Distillaion. In arXiv preprint 2018.

ataset Distillation?
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2) Tongzhou Wang, Jun-Yan Zhu, Antonio Torralba, Alexei A. Efros. Dataset Distillaion. In arXiv preprint 2018.
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2) Tongzhou Wang, Jun-Yan Zhu, Antonio Torralba, Alexei A. Efros. Dataset Distillaion. In arXiv preprint 2018.

Dataset Distillation?

* Idea
C e Full training dataset (size = 50k)
- Not distilling the model, RN &
- But distilling the dataset. Ne Bl - MR
) o L g
+ Goal HEERCE | o
_ oY . Y istillation
- Distill the knowledge from a large BEs0O/4
training dataset into a very small set of DIS‘I’I"ed dataset (S|ze =10)

synthetic training images. Train

- Training a model on the distilled data
would give a similar test performance
as training one on the original dataset.

Similar Test Performance
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2) Tongzhou Wang, Jun-Yan Zhu, Antonio Torralba, Alexei A. Efros. Dataset Distillaion. In arXiv preprint 2018.

Dataset Distillation?

 Algorithm

- To obtain a new, much-reduced synthetic dataset which performs almost as well as the
original dataset.

Algorithm 1 Dataset Distillation

Input: p(6o): distribution of initial weights; M: the number of distilled data

Input: o: step size; n: batch size; 7T': the number of optimization iterations; 7jo: initial value for 7
1: Initialize X = {&;};~, randomly, 7j + 7jo
2: for each training stept = 1to 7" do
3: Get a minibatch of real training data x; = {z¢,; };=1

4:  Sample a batch of initial weights 85’ ~ p(6o)

5 for each sampled 08” do

6: Compute updated parameter with GD: ij ) = 9((,j ) nv o) l(x, Oéj ))
7 Evaluate the objective function on real training data: £ = £(x;, 8\7)
8: end for

9:  Update x < X —aVx Y, LY, and 7j « 7j — aV; 3, LV
10: end for

Output: distilled data x and optimized learning rate 7
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2) Tongzhou Wang, Jun-Yan Zhu, Antonio Torralba, Alexei A. Efros. Dataset Distillaion. In arXiv preprint 2018.

Dataset Distillation?

 Algorithm

- To obtain a new, much-reduced synthetic dataset which performs almost as well as the
original dataset.

Algorithm 1 Dataset Distillation

Input: p(6o): distribution of initial weights; M: the number of distilled data

Input: o: step size; n: batch size; 7T': the number of optimization iterations; 7jo: initial value for 7
1: Initialize X = {&;};~, randomly, 7j + 7jo
2: for each training stept = 1to 7" do
3: Get a minibatch of real training data x; = {z:,; }j-1

4:  |Sample a batch of initial weights 65 ~ p(6o)

5 for each sampled 68” do

6: Compute updated parameter with GD: 99 ) = 9((,j ) nVv e l(x, Ogj ))
7 Evaluate the objective function on real training data: £ = £(x;, 8\7)
8: end for

9:  Update x < X —aVx Y, LY, and 7j « 7j — aV; 3, LV
10: end for

Output: distilled data x and optimized learning rate 7
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Dataset Distillation?

 Algorithm

- To obtain a new, much-reduced synthetic dataset which performs almost as well as the
original dataset.

Algorithm 1 Dataset Distillation

Input: p(6o): distribution of initial weights; M: the number of distilled data

Input: o: step size; n: batch size; 7T': the number of optimization iterations; 7jo: initial value for 7
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2: for each training stept = 1to 7" do
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2) Tongzhou Wang, Jun-Yan Zhu, Antonio Torralba, Alexei A. Efros. Dataset Distillaion. In arXiv preprint 2018.

Dataset Distillation?

 Algorithm

- To obtain a new, much-reduced synthetic dataset which performs almost as well as the
original dataset.

Algorithm 1 Dataset Distillation

Input: p(6o): distribution of initial weights; M: the number of distilled data

Input: o: step size; n: batch size; 7T': the number of optimization iterations; 7jo: initial value for 7
1: Initialize X = {&;};~, randomly, 7j + 7jo
2: for each training stept = 1to 7" do
3: Get a minibatch of real training data x; = {z¢,; };=1

4:  Sample a batch of initial weights 85’ ~ p(6o)

5 for each sampled 08” do

6: Compute updated parameter with GD: ij ) = 9((,j ) nv o) l(x, Oéj ))
7 Evaluate the objective function on real training data: £ = £(x;, 8\7)
8: end for

9:  |Update X + X —aVz ), LY, and 7] 7 — aV5 3, LV
10: end for

Output: distilled data x and optimized learning rate 7
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2) Tongzhou Wang, Jun-Yan Zhu, Antonio Torralba, Alexei A. Efros. Dataset Distillaion. In arXiv preprint 2018.

Dataset Distillation?

 Algorithm

- To obtain a new, much-reduced synthetic dataset which performs almost as well as the
original dataset.

Algorithm 1 Dataset Distillation

Input: p(6o): distribution of initial weights; M: the number of distilled data

Input: o: step size; n: batch size; 7T': the number of optimization iterations; 7jo: initial value for 7
1: Initialize X = {&;};~, randomly, 7j + 7jo
2: for each training stept = 1to 7" do
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2) Tongzhou Wang, Jun-Yan Zhu, Antonio Torralba, Alexei A. Efros. Dataset Distillaion. In arXiv preprint 2018.

Dataset Distillation?

 History

I Dataset Distillation, 2018, arXiv
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2) Tongzhou Wang, Jun-Yan Zhu, Antonio Torralba, Alexei A. Efros. Dataset Distillaion. In arXiv preprint 2018.

Dataset Distillation?

 History

I Dataset Distillation, 2018, arXiv I

Flexible Dataset Distillation: Learn Labels
instead of Images (NIPS Workshop)

Dataset Condensation with Gradient Matching
(ICLR)
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2) Tongzhou Wang, Jun-Yan Zhu, Antonio Torralba, Alexei A. Efros. Dataset Distillaion. In arXiv preprint 2018.

Dataset Distillation?

 History

S

I Dataset Distillation, 2018, arXiv I

Flexible Dataset Distillation: Learn Labels
instead of Images (NIPS Workshop)

Dataset Condensation with Gradient Matching
(ICLR)

Dataset Condensation with Differentiable Dataset Distillation with Infinitely Wide
Siamese Augmentation (ICML) Convolutional Networks (NIPS)
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2) Tongzhou Wang, Jun-Yan Zhu, Antonio Torralba, Alexei A. Efros. Dataset Distillaion. In arXiv preprint 2018.

Dataset Distillation?

 History

S

I Dataset Distillation, 2018, arXiv I

Flexible Dataset Distillation: Learn Labels
instead of Images (NIPS Workshop)

Dataset Condensation with Gradient Matching
(ICLR)

Dataset Condensation with Differentiable
Siamese Augmentation (ICML)

Dataset Distillation with Infinitely Wide
Convolutional Networks (NIPS)

Dataset Condensation with Distribution
Matching (ICLR)

Dataset Condensation via Efficient Synthetic-
Data Parameterization (ICML)
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2) Tongzhou Wang, Jun-Yan Zhu, Antonio Torralba, Alexei A. Efros. Dataset Distillaion. In arXiv preprint 2018.

Dataset Distillation?

 History

I Dataset Distillation, 2018, arXiv I

Flexible Dataset Distillation: Learn Labels Dataset Condensation with Gradient Matching

X\\“’p‘

ondensation via Efficient Synthetic-
Data Parameterization (ICML)

bndensation with Distribution
Matching (ICLR)
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2) Tongzhou Wang, Jun-Yan Zhu, Antonio Torralba, Alexei A. Efros. Dataset Distillaion. In arXiv preprint 2018.

Dataset Distillation?

 History

S

I Dataset Distillation, 2018, arXiv I

Flexible Dataset Distillation: Learn Labels
instead of Images (NIPS Workshop)

Dataset Condensation with Gradient Matching
(ICLR)

Dataset Condensation with Differentiable
Siamese Augmentation (ICML)

Dataset Distillation with Infinitely Wide
Convolutional Networks (NIPS)

Dataset Condensation with Distribution
Matching (ICLR)

Dataset Condensation via Efficient Synthetic-
Data Parameterization (ICML)

CAFE: Learning to Condense Dataset by
Aligning Features (CVPR)

Dataset Distillation by Matching Training
Trajectories (CVPR oral)
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2) Tongzhou Wang, Jun-Yan Zhu, Antonio Torralba, Alexei A. Efros. Dataset Distillaion. In arXiv preprint 2018.

Dataset Distillation?

 History

S

I Dataset Distillation, 2018, arXiv I

Flexible Dataset Distillation: Learn Labels
instead of Images (NIPS Workshop)

Dataset Condensation with Gradient Matching
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Dataset Condensation with Differentiable
Siamese Augmentation (ICML)

Dataset Distillation with Infinitely Wide
Convolutional Networks (NIPS)

Dataset Condensation with Distribution
Matching (ICLR)

Dataset Condensation via Efficient Synthetic-
Data Parameterization (ICML)

CAFE: Learning to Condense Dataset by
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Dataset Distillation by Matching Training
Trajectories (CVPR oral)
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3) George Cazenavette, Tongzhou Wang, Antonio Torralba, Alexei A. Efros, Jun-Yan Zhu. Dataset Distillation by Matching Training Trajectories. In CVPR 2022.

Matching Training Trajectories®

» New formulation that optimizes our distilled data

 Train the network for several iterations on our distilled data and optimize the
distilled data

e Outperform existing methods & allow us to distill higher-resolution visual data

CIFAR-100

Clock Kangaroo Orange Orchid Pme Tree

Tiny ImageNet

Hourglass German Shepard Red Panda

ImageNet

Strawberry

King Penguin Siamese Cat

French Horn Golden Retriever
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3) George Cazenavette, Tongzhou Wang, Antonio Torralba, Alexei A. Efros, Jun-Yan Zhu. Dataset Distillation by Matching Training Trajectories. In CVPR 2022.

Matching Training Trajectories®

R S4B TN

SOGANG UNIVERSITY

Algorithm 1 Dataset Distillation via Trajectory Matching

Input:
Input:
Input:
Input:
Input:

{7i}: set of expert parameter trajectories trained on Dieal.
M # of updates between starting and target expert params.

N # of updates to student network per distillation step.
A: Differentiable augmentation function.
Tt < T: Maximum start epoch.

1: Initialize distilled data Dsyn ~ Dreal
2: Initialize trainable learning rate @ := g for apply Dsyn

3: for each distillation step... do
4 > Sample expert trajectory: 7* ~ {7;} with 7* = {6; }{
5 > Choose random start epoch, ¢t < T+
6: > Initialize student network with expert params:
7 0, := 6;
8 forn=0— N —1do
9: > Sample a mini-batch of distilled images:
10: bt+n ~ Dsyn
11: > Update student network w.r.t. classification loss:
12: 0t+n+1 = 9t+n - OtVE(.A(bH_n) 9t+n)
13: end for
14: > Compute loss between ending student and expert params:
15: L =0~ — 9:+M”g / 116F — t+M“2
16: > Update Dsyn and o with respect to £
17: end for

Output: distilled data Dsy, and learning rate «

30



3) George Cazenavette, Tongzhou Wang, Antonio Torralba, Alexei A. Efros, Jun-Yan Zhu. Dataset Distillation by Matching Training Trajectories. In CVPR 2022.

Matching Training Trajectories®

Expert Trajectories are trained on Real Data

!ll&ﬂl
Bzl /4
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3) George Cazenavette, Tongzhou Wang, Antonio Torralba, Alexei A. Efros, Jun-Yan Zhu. Dataset Distillation by Matching Training Trajectories. In CVPR 2022.

Matching Training Trajectories®

lteration N < M

Student Trajectories are trained on Synthetic Data

S
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3) George Cazenavette, Tongzhou Wang, Antonio Torralba, Alexei A. Efros, Jun-Yan Zhu. Dataset Distillation by Matching Training Trajectories. In CVPR 2022.

Matching Training Trajectories®

|||9t+N - |92‘+M|||%

107 — 07, a3

Relative error between ends of
Student and Expert Trajectories
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3) George Cazenavette, Tongzhou Wang, Antonio Torralba, Alexei A. Efros, Jun-Yan Zhu. Dataset Distillation by Matching Training Trajectories. In CVPR 2022.

Matching Training Trajectories®

Backprop Through All
Student Updates

[ 10s+n — 07 arl3
107 — 07, a5
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3) George Cazenavette, Tongzhou Wang, Antonio Torralba, Alexei A. Efros, Jun-Yan Zhu. Dataset Distillation by Matching Training Trajectories. In CVPR 2022.

Matching Training Trajectories®

Update Synthetic Data

B — 053

107 — 07, a3
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3) George Cazenavette, Tongzhou Wang, Antonio Torralba, Alexei A. Efros, Jun-Yan Zhu. Dataset Distillation by Matching Training Trajectories. In CVPR 2022.

Matching Training Trajectories®

Update Synthetic Data

[ 10s+n — 07 arl3
107 — 07, a5
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P 417
6 SOGANG UNIVERSITY 36

-
‘D
)



3) George Cazenavette, Tongzhou Wang, Antonio Torralba, Alexei A. Efros, Jun-Yan Zhu. Dataset Distillation by Matching Training Trajectories. In CVPR 2022.

Matching Training Trajectories®

1000 distillation iterations of CIFAR-100, 1 image/class

SOGANG UNIVERSITY 37
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3)

Matching Training Trajectories®

« Experiments
- 32x32 CIFAR-10 and CIFAR-100

George Cazenavette, Tongzhou Wang, Antonio Torralba, Alexei A. Efros, Jun-Yan Zhu. Dataset Distillation by Matching Training Trajectories. In CVPR 2022.

- 64x64 Tiny ImageNet
. Training Set Synthesis
Img/Cls Ratio% | 1t[44)  1p'[2] DC[47] DSA[45] DM[46] CAFE[43] CAFE+DSA[43] Ours | o1 Dataset
1 002 - 257+07 283+05288+07 260+08 303+1.1 31.6+08 463+ 08"
CIFAR-10 10 02 |[368+12 383+04 44905 521+05 489406 463+£06 509405 653 +0.7% 84.8 £ 0.1
50 1 - 425+04 539405 60605 63.0+04 555+06 623+04 716+ 0.2
1 0.2 - 1154+04 128403 139403 114403 129+03 140403 243+03"
CIFAR-100 10 2 : - 252403323403 297+03 278403 315+£02 40.1+04 | 562+ 03
50 10 - - - 428404 436404 379403 429402 477 + 02
1 0.2 - - - - 39+02 - - 8.8 + 0.3
Tiny ImageNet 10 2 - - . - 129+04 - - 232+02 | 37.6 +04
50 10 - - . - 241403 - - 28.0 + 0.3

- 128 x 128 ImageNet subsets

| ImageNette ImageWoof ImageFruit ImageMeow ImageSquawk ImageYellow
1 Img/Cls | 47709 28.6+0.8 26608 307+16 394+15 452108
10Img/Cls | 63.0+13 358+18 403+13 404+22 523+10 600=L15
Full Dataset | 87.4+1.0 67.0+13 63.9+20 667+1.1 87.5+03 844+06

ABTHE-D
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3) George Cazenavette, Tongzhou Wang, Antonio Torralba, Alexei A. Efros, Jun-Yan Zhu. Dataset Distillation by Matching Training Trajectories. In CVPR 2022.

Matching Training Trajectories®

« Experiments

- 32x32 CIFAR-10 and CIFAR-100

- 64x64 Tiny ImageNet

Training Set Synthesis

Img/Cls Ratio% | 1t[44)  1p'[2] DC[47] DSA[45] DM[46] CAFE[43] CAFE+DSA[43] Ours | o1 Dataset
1 0.02 - 257407 283+05 288407 260+08 303+ 1.1 31.6+£08 463 + 08"
CIFAR-10 10 02 (36812 383+04 449+05 52.1+£05 489406 46306 509405 653+ 0.7°| 84.8 +0.1
50 1 - 425+04 539405 60.6+£05 630+ 04 555406 623+04 716+ 0.2
1 02 - 115404 128403 139403 114+03 129403 140403 243 +03"
CIFAR-100 10 2 . - 252403 323403297403 278403 315402 401+ 04 | 562 + 0.3
50 10 i . - 428404 436+£04 379403 429402 47.7+02°
1 02 : : - - 39402 - - 8.8 + 0.3
Tiny ImageNet 10 2 . : . - 129404 - i 232+02 | 37.6 + 04
50 10 . . . - 241403 - . 28.0 £ 03

- 128 x 128 ImageNet subsets

| ImageNette

ImageWoof ImageFruit ImageMeow ImageSquawk ImageYellow

1 Img/Cls | 47.7+0.9
10 Img/Cls | 63.0£1.3

286 +08 266+08 30716 394x15 452+038
358+18 40313 404£22 52310 600X15

Full Dataset | 87.4 + 1.0

67013 63920 66711 87503 844x06
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« Experiments

- 32x32 CIFAR-10 and CIFAR-100

- 64x64 Tiny ImageNet
. Training Set Synthesis
Img/Cls Ratio% | 1t[44)  1p'[2] DC[47] DSA[45] DM[46] CAFE[43] CAFE+DSA[43] Ours | o1 Dataset
1 002 - 257407 283+05288+07 260+08 303+1.1 31.6+08 463+ 08"
CIFAR-10 10 02 |[368+12 383+04 44905 521+05 489406 463+£06 509405 653 +0.7% 84.8 £ 0.1
50 1 - 425+04 539+05 60605 63.0+04 555406 623+04 716+ 0.2
1 0.2 - 1154+04 128403 139403 114403 129+03 140403 243+03"
CIFAR-100 10 2 . - 252403323403 297+03 278403 315+£02 40.1+04 | 562+ 03
50 10 - - - 428404 436404 379403 429402 477 +02°
1 0.2 - - - - 39+£02 - - 8.8 + 0.3
Tiny ImageNet 10 2 - - . - 129+04 - - 232+02 | 37.6 + 04
50 10 - - . - 241403 - - 28.0 + 0.3

- 128 x 128 ImageNet subsets

| ImageNette ImageWoof ImageFruit ImageMeow ImageSquawk ImageYellow

1 Img/Cls | 47.7+09 286+08 266+08 30.7x1.6 394+15 452+08
10Img/Cls | 63.0£13 358+1.8 403+13 404+22 52310 600=x15
Full Dataset | 87.4+1.0 67.0+13 63.9+20 667+1.1 87.5+03 844+06
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Matching Training Trajectories®

« Experiments

- 32x32 CIFAR-10 and CIFAR-100

- 64x64 Tiny ImageNet
. Training Set Synthesis
Img/Cls Ratio% | 1t[44)  1p'[2] DC[47] DSA[45] DM[46] CAFE[43] CAFE+DSA[43] Ours | o1 Dataset
1 0.02 - 257 +£0.7 283 £ 0.5 288 +£0.7 26.0 £ 0.8 30.3 + 1.1 31.6 £ 0.8 46.3 + 0.8
CIFAR-10 10 02 |36.8+12 383+04 449+05 52.14£05 489106 463+06 509+05 653+0.7"| 84.8 +0.1
50 1 - 4254+04 539+£05 60605 63.0+04 55+06 623+04 71.6+£0.2
1 0.2 - 11.54+£04 128 +£03 139+03 114£03 129403 1404+03 243 +03"
CIFAR-100 10 2 - - 2524+£03 323403 29.7+03 278 £03 315+£02 40.1+04 | 562+£03
50 10 - - - 428 +04 436+ 04 3794+03 429+02 47.7+027
1 . 39402 8803
iny ImageNet 10 2 - - - - 129 £ 04 - - 232402 | 376 04
50 10 - - - - 241403 - - 28.0 £ 0.3

- 128 x 128 ImageNet subsets

| ImageNette ImageWoof ImageFruit ImageMeow ImageSquawk ImageYellow

1 Img/Cls | 47.7+09 286+08 266+08 30.7x1.6 394+15 452+08
10Img/Cls | 63.0£13 358+1.8 403+13 404+22 52310 600=x15

Full Dataset | 87.4+1.0 67.0+13 63.9+20 667+1.1 87.5+03 844+06
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Matching Training Trajectories®

« Experiments

- 32x32 CIFAR-10 and CIFAR-100

- 64x64 Tiny ImageNet
. Training Set Synthesis
Img/Cls Ratio% | 1t[44)  1p'[2] DC[47] DSA[45] DM[46] CAFE[43] CAFE+DSA[43] Ours | o1 Dataset
1 002 - 257407 283+05288+07 260+08 303+1.1 31.6+08 463+ 08"
CIFAR-10 10 02 |[368+12 383+04 44905 521+05 489406 463+£06 509405 653 +0.7% 84.8 £ 0.1
50 1 - 425+04 539+05 60605 63.0+04 555406 623+04 716+ 0.2
1 0.2 - 1154+04 128403 139403 114403 129+03 140403 243+03"
CIFAR-100 10 2 . - 252403323403 297+03 278403 315+£02 40.1+04 | 562+ 03
50 10 - - - 428404 436404 379403 429402 477 +02°
1 0.2 - - - - 39+02 - - 8.8 + 0.3
Tiny ImageNet 10 2 - - . - 129+04 - - 232+02 | 37.6 + 04
50 10 - - . - 241403 - - 28.0 + 0.3

S

- 128 x 128 ImageNet Subsets
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| ImageNette ImageWoof ImageFruit ImageMeow ImageSquawk ImageYellow

1 Img/Cls | 47.7+09 286+08 266+08 30.7x1.6 394+15 452+08
10Img/Cls | 63.0£13 358+1.8 403+13 404+22 52310 600=x15
Full Dataset | 87.4+10 670+13 63.9+20 667+1.1 87.5+03 844+06

51

|VES\



3) George Cazenavette, Tongzhou Wang, Antonio Torralba, Alexei A. Efros, Jun-Yan Zhu. Dataset Distillation by Matching Training Trajectories. In CVPR 2022.

Matching Training Trajectories® TE———

Cassette English Australian Border English
Player Chainsaw Church Springer  French Horn Terrier Beagle Terrier Dingo Foxhound

Joopa8ewr]

ImageNette

1

Garbage GasPump  GolfBall  Parachute Tench English Golden Rhodesian ~ Samoyed Shih-Tzu
Truck Sheepdog Retriever ~ Ridgeback
Bald Eagle Black Swan Cockatoo Flamingo Pengum Bengal Cat Egyptian Cat Jaguar Lion Lynx

MOA[OT e

ImageSquawk

Maciw ORtrich Péacick Pilicai Tousan Persian Cat Siamese Cat Snow Tabby Cat Tiger
Leopard
Garden
Banana  Bell Pepper Cucumber Fig Green Apple Banana Bee Corn Spider Goldfinch

v

ImageFruit
MO[[2X Few]

" ~ s . ‘2‘“‘.:}"‘-5. » _‘T__ _.i 4 t ol .
Lemon Orange Pineapple Pomegranate Strawberry = Honeycomb Lady’s Lemon Lion School Bus

Slipper V D S

| Aot

& SOGANG UNIVERSITY

-
‘D
)

52



3) George Cazenavette, Tongzhou Wang, Antonio Torralba, Alexei A. Efros, Jun-Yan Zhu. Dataset Distillation by Matching Training Trajectories. In CVPR 2022.
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« Experiments

« Cross-Architecture Generalization

- Evaluate how well our synthetic data performs on various architectures

-Robust to changes in architectures

- Do not seem to suffer from much over-fitting to that model

Evaluation Model
ConvNet ResNet VGG AlexNet

Ours | 643 +0.7 464+0.6 503108 34.2+2.6
DSA | 521404 42810 432405 359+13
KIP | 476 09 368+10 421+04 2444139

Method

CIFAR-10 with 10 images/class
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6 SOGANG UNIVERSITY 53

r
‘D
)



3) George Cazenavette, Tongzhou Wang, Antonio Torralba, Alexei A. Efros, Jun-Yan Zhu. Dataset Distillation by Matching Training Trajectories. In CVPR 2022.

Matching Training Trajectories®

« Experiments

S

- Performance w.r.t. the number of expert trajectories (left)
- Logarithmic performance improvement
- Quickly saturating near 200

- Performance w.r.t. expert time-step stage (right)

- The upper bound on the expert epoch at which the synthetic data starts working cannot be too
high or low to ensure quality learning signal.

CIFAR-100 (1 Image / Class) CIFAR-100 (1 Image / Class)
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S

Experiments

= Distillation time

- 0.6 seconds per distillation step

;' A single RTX3090
:': CIFAR-100, 1 image/class with N = 20

1 Iter. | 1k Iter. S5k Iter. 10k Iter.
Dataset  Img/Cls| ooy | (min) (min) (min)
1 05 | 18 42 83
CIFAR-10 10 [loe |10 | 50 |100
‘750 ‘70.8 \ 4 13 \ 4 67 \ 4 133
1 []06 | [10 |50 [100
CIFAR-100 |10 [lo8 | |13 | 67 |133
150 (419 [ 432 1158 4317
1 11 | [18 | 92 183
Tiny ImageNet 10 2.3 38 192 383
150 (426 | v43 1217 1433
ABTHE-D
SOGANG UNIVERSITY 55
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Conclusion

* Discussion
- Directly optimizing the synthetic data
- Induce similar network training dynamics as the real data
- First to scale to 128 x 128 ImageNet images

- Allow us to gain interesting insights of the dataset

- Serve as an important step towards practical applications of dataset distillation on real-world
datasets

 Limitations
- The computational overhead of training and storing expert trajectories

- Application to other tasks and datasets with higher resolution
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