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Dataset Distillation

Synthesize a tiny dataset that captures the rich information encoded in the original dataset

Example) CIFAR-10

Full dataset (50,000 images)
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¢ Coreset selection (100 images): Test accuracy 36.4%




Extension to Multi-modal Dataset Distillation

Uni-modal dataset distillation
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* Synthetic images that best represent each class.

Vision-Language dataset distillation

Projection layers

— [ Image encoder ] s \
“Two men and /
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* No class information.

Image-text contrastive learning

* |tisimportant to learn cross-modal correspondences between image and text data.




Previous Works

* Previous multimodal dataset distillation methods [1,2] rely on training trajectories matching approach.

Switch to train on Network Optimization Trajectory

0 distilled data Dyn === Train on real data (expert)

lteration 1

% Train on distilled data

“e_ lteration N < M

Constraint: Similar weights
I Loss(D.,,) := Distance( ¢, .0, 5/)

Train on real data
lteration ¢

Iteration t+M

Matching Training Trajectories (MTT) [3]

1) Wou, Xindi, et al. "Vision-language dataset distillation." TMLR 2024.
2) Xu, Yue, etal. "Low-Rank Similarity Mining for Multimodal Dataset Distillation." ICML 2024.
3) George Cazenavette et al., Dataset Distillation by Matching Training Trajectories, CVPR 2022



Previous Works

* Previous multimodal dataset distillation methods [1,2] rely on training trajectories matching approach.

1 to train on Network Optimization Trajectory

0 distilled data Dyn === Train on real data (expert)

lteration 1

% Train on distilled data

“e_ lteration N < M

Constraint: Similar weights
I Loss(D.,,) := Distance( ¢, .0, 5/)
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Train on real data
lteration ¢

Iteration t+M

Matching Training Trajectories (MTT) [3]

Problem:

* It requires to precompute lots of expert training trajectories before distillation process.

1) Wou, Xindi, et al. "Vision-language dataset distillation." TMLR 2024.
2) Xu, Yue, etal. "Low-Rank Similarity Mining for Multimodal Dataset Distillation." ICML 2024.
3) George Cazenavette et al., Dataset Distillation by Matching Training Trajectories, CVPR 2022



Limitation of Previous Works

Uni-modal MTT

ConvNet (1.24 MB)
1.9 hours and 120 GB for expert trajectories.

Distillation time: 1.0 sec per iteration.

~

Multi-modal MTT

J

More than 100x larger models.

Image encoder: NFNet (140 MB)
Text encoder: BERT (450 MB)
132 hours and 120 GB for expert trajectories.

Distillation time: 16.9 sec per iteration.

It takes 5 days and needs 120 GB for preparing expert trajectories ! Too much cost !!

Distillation time significantly increases.




Limitation of Previous Works

* Previous works freeze the text encoder .
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Limitation of Previous Works

* Previous works freeze the text encoder .

X img projection
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» Text embeddings corresponding to the same image.
» LoRS (previous SOTA): scattered

» CovMatch (ours): clustered

LoRS CovMatch




New Framework

Previous framework Our new framework
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* We freeze only input embedding layer and include the transformer layers in the distillation process.




New Framework

Previous framework Our new framework
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Input embedding layer

* We freeze only input embedding layer and include the transformer layers in the distillation process.

How can we design efficient algorithm that remains computationally lightweight

even with the text encoder included in the distillation process?




Simplifying

Bi-level optimization problem

Original Bi-level optimization problem
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Simplifying Bi-level optimization problem

Original Bi-level optimization problem
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Assumption: linearized contrastive learning
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Simplifying Bi-level optimization problem

Closed-form solution
4 )
S* = argmax Tr(CTTCS)
° . |
> Cross-covariance matrix: C¥ = D1 > (i = pn, ) (hi — )T
i=1
N\ J

 Multimodal dataset distillation can be simplified as aligning the cross-covariance matrices
of real and synthetic dataset !

* From this insight, we develop cross-covariance matching algorithm (CovMatch).




CovMatch: Cross-Covariance Matching Algorithm
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e Cross-covariance matchingloss: £°(7,S) = ||p-CT — C%|%
* Feature matching loss: Regularization to prevent trivial solutions.

* Online model update: To prevent overfitting to specific model state, we update network at every distillation step.




Mai n Resu Its * |IR@K: Image retrieval given text (Top-K accuracy)

* TR@K: Text retrieval given image (Top-K accuracy)

Poirs  Method | Flickr30k | COCO
| IR@l IR@5 IR@10 TR@lI TR@5 TR@I0 | Avg | [R@1 I[R@5 IR@I10 TR@l TR@5 TR@I0 | Avg

Random | 20 75 126 33 104 160 | 86 | 07 28 5.l L0 40 69 | 3.4
Herding | 22 80 134 30 99 156 |87 | 07 29 53 11 4.1 68 | 35

oo KCenter | 20 76 130 28 97 164 | 86| 07 32 60 09 42 76 | 38
MTT-VL | 47 157 246 99 283 391 [204| 13 54 95 25 100 157 | 74

LoRS 83 241 351 118 358 492 [274 | 18 7.1 122 33 122 196 | 94
CovMatch | 101 286 409 148 380 506 [305| 28 105 177 38 131 211 | 115
Random | 33 115 184 57 158 239 | 131 | L1 46 83 L7 65 .1 | 56
Herding | 3.0 113 183 47 154 229 |126| 12 47 85 L6 66 112 | 56

sop KCemer | 32 111 177 53 152 232 | 126 12 51 89 19 67 116 | 59
MTT-VL | 46 160 255 102 287 419 [212| 17 65 123 33 119 194 | 92

LoRS 86 253 366 145 387 534 [295| 24 93 155 43 142 226 | 114
CovMatch | 123 336 458 174 417 558 [344 | 38 134 218 53 173 270 | 148
Random | 69 210 312 100 280 387 [226| 22 88 149 35 119 192 |10l
Herding | 68 208 309 93 264 368 |208| 23 88 148 29 112 189 | 98

soo KCenter | 69 221 322 106 295 406 [237| 24 90 154 36 124 200 |105
MTT-VL | 66 202 300 133 328 468 [250| 25 89 158 50 172 260 | 126

LoRS | 100 289 416 155 398 537 [316| 28 99 165 53 183 279 | 135
CovMatch | 147 384 514 199 467 595 [384 | 54 180 282 81 235 346 | 196

* CovMatch establishes new state-of-the-art performances across all settings.
* On Flickr30k with 500 synthetic pairs, CovMatch achieves a 6.8% absolute improvement over the strongest baseline.

* In contrast to CovMatch, baselines quickly saturate as the number of synthetic pairs increases.




Cross-Architecture Generalization

Cross-Architecture generalization experiment:

» Distill the dataset using NFNet (image encoder) and BERT (text encoder).

* Evaluate the distilled dataset using other unseen networks.

Text encoder BERT DistilBERT
Image encoder | NFNet NF-ResNet NF-RegNet VIT | NFNet NF-ResNet NF-RegNet ViT
Random 8.4 8.3 10.8 94 10.2 8.7 11.5
MTT-VL 20.4 7.5 9.6 20.2 1.5 7.0 8.5
LoRS 28.1 8.4 9.3 23.5 8.9 8.3 8.9
CovMatch 30.2 15.5 14.6 151 | 271 16.1 14.6 13.4

* Flickr30k with 100 synthetic pairs.

e CovMatch shows much stronger cross-architecture generalization ability compared to baseline.




Scalability
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* CovMatch scales well as we increase the number of synthetic pairs.

e Strong scalability !




Concluding Remarks

* We revisit the bi-level formulation of dataset distillation and, assuming linear contrastive learning, derive a
simpler objective that allows us to also train the text encoder in multimodal distillation.

* Based on this, we propose CovMatch, a lightweight and scalable method that matches cross-covariance
between real and synthetic image-text embeddings, with additional intra-modal feature regularization.

* CovMatch achieves strong gains over prior work, improving cross-modal retrieval, generalization to unseen

architectures, and scalability.




Thank you for listening
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