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Motivation

• How neural network compress and memorize large-
scale dataset?

• Project original data to feature maps.

• Can be viewed as an implicit compression process.

• Whether can we explicitly re-construct the low-
dimensional information from the neural network?

• Not re-construct to equal size, but distill informative and 
representative data.

• Also offer a perspective of  model interpretability.

Compressed dataset can help model interpretability and efficient learning. 

• Do datasets have to be big? 

• Can the information from a large dataset be 

distilled and integrated? 

• Can training on “small data” be equally 

successful?

       ------------------------------------------------------

• By using the compressed dataset, model 

training, parameters tuning and testing process 

become easy-approaching. 

• Under the data-centric AI, data-efficient 

learning is important.



Definition: Dataset distillation (DD)

• Dataset distillation is the task of synthesizing a small dataset such that 
models trained on it achieve high performance on the original large dataset. 
Condensed dataset can accelerate network training and reducing data 
storage. 

• A good small distilled dataset is not only useful in dataset understanding, 
but has various applications (e.g., continual learning, privacy, federated 
learning, neural architecture search, etc.). 

•  A dataset distillation algorithm takes as input a large real dataset to be 
distilled (training set), and outputs a small synthetic distilled dataset, which 
is evaluated via testing models trained on this distilled dataset on a separate 
real dataset (validation/test set). 

• This task was first introduced in the 2018 paper Dataset Distillation, along 
with a proposed algorithm using backpropagation through optimization 
steps. In recent years (2019-now), dataset distillation has gained increasing 
attention in the research community, across many institutes and labs. 

Synthesize a distilled dataset which performance is comparable to the real one.

Wang, Tongzhou, et al. "Dataset distillation." arXiv preprint arXiv:1811.10959 (2018).



Difference between Model-Agnostic Meta-Learning (MAML)

DD try to optimize the input space.

• Both algorithms look similar. They all select some samples and average on the inner loop’s results to update the 
optimized objective. However, DD and MAML choose different optimized variation. DD chooses input dataset and 
learning rate while MAML chooses model weight.

• Outer-loop optimization using Truncated Back-Propagation Through Time (TBPTT), i.e., unroll a limited number of 
inner-loop optimization steps while optimizing the outer-loop.

Wang, Tongzhou, et al. "Dataset distillation." arXiv preprint arXiv:1811.10959 (2018).



Dataset Condensation with Gradient Matching (ICLR 21)

Gradient Matching Surrogate Objective: solve the unstable and cross-architecture problem.

Using        to update the parameters of network that synthesize distilled dataset.

DD

Deep 
Leakage 
from 
Gradient





Dataset Condensation with Differentiable Siamese Augmentation (ICML 21)

Apply data augmentation to both real and synthetic dataset.



Accelerating Dataset Distillation via Model Augmentation (CVPR 23)



Dataset Distillation with Distribution Matching (WACV 23)

• Firstly, it samples mini-batch of real and synthetic data and then 
embeds them with the randomly sampled deep neural networks. 

• The synthetic data is learned by minimizing the distribution 
discrepancy between real synthetic data in the sampled embedding 
spaces.

• Use          to match the distribution. 

Distribution Matching Surrogate Objective: solve the intrinsic problem of gradient descending.



CAFE: Learning to Condense Dataset by Aligning Features (CVPR 22)



DataDAM: Efficient Dataset Distillation with Attention Matching 
(ICCV 23)







Dataset Distillation by Matching Training Trajectories (CVPR 22)
Trajectory (network parameters) Matching Surrogate Objective.

(i) Long-range multiple-steps matching. (ii) Explore large-dataset usage.

Cazenavette G, Wang T, Torralba A, et al. Dataset distillation by matching training trajectories[C] 



AST: Effective Dataset Distillation through Alignment with Smooth and High-Quality 
Expert Trajectories

We observe the dilemma between stronger expert and student alignment. 

Smooth expert trajectories is an important factor!



With refined expert trajectory, an enhanced parameter alignment method is proposed.

AST: Effective Dataset Distillation through Alignment with Smooth and High-Quality 
Expert Trajectories



Main Results



=>

Distill

0: apple

1:aquarium_fish

2: baby

3: bear

4: beaver

5: bed

6: bee

7: beetle

8: bicycle

9: bottle

10: bowl

11: boy

12: bridge

13: bus

14: butterfly

15: camel

16: can

17: castle

18: caterpillar

19: cattle

20: chair



Apple              fish       baby          bear             beaver           bed               bee              beetle          

bicycle          bottle

Extremely high compression: 1 image per class



Towards Lossless Dataset Distillation via Difficulty-Aligned 
Trajectory Matching (ICLR 24)



Vision-Language Dataset Distillation (arxiv 24)



Vision-Language Dataset Distillation (arxiv 24)

Bi-Trajectory-Guided Co-Distillation



Vision-Language Dataset Distillation (arxiv 24)

Vision-Language Bi-Trajectory Matching



Taxonomy of existing approaches

A bilevel optimization problem.

• Nested loop: The inner-loop typically optimizes a representative learning algorithm on the data 
summary, and using the optimized learning algorithm, the outer-loop optimizes a tractable proxy of 
Minimum.

• Existing approaches:

• Meta-model matching

• Gradient matching

• Distribution matching

• Trajectory matching



Squeeze, Recover and Relabel: Dataset Condensation at ImageNet Scale 
From A New Perspective (NeurIPS 23)

Decouple the bilevel optimization process: pretrained model assisted DD

1. Larger scales and higher resolution of datasets, 

e.g. ImageNet-1K

2. Cross model architectures.

3. Utilize many off-the-shelf pre-trained large models



Squeeze, Recover and Relabel: Dataset Condensation at ImageNet Scale 
From A New Perspective (NeurIPS 23)

An inversion process towards neural network. Borrowed from DeepInversion [1].

• How neural network compress and 
memorize large-scale dataset?

• Project original data to feature maps.

• Can be viewed as an implicit compression 
process.

• Whether can we explicitly re-construct the 
low-dimensional information from the 
neural network?

• Don’t use the surrogate like before.

• Instead by aligning the BN statistics (mean and 
variance), syn data are compelled to encapsulate a 
portion of original image distribution.

×

[1] Yin, Hongxu, et al. "Dreaming to distill: Data-free knowledge transfer via deepinversion." CVPR. 2020.



Squeeze, Recover and Relabel: Dataset Condensation at ImageNet Scale 
From A New Perspective (NeurIPS 23)

Main results.



Squeeze, Recover and Relabel: Dataset Condensation at ImageNet Scale 
From A New Perspective (NeurIPS 23)

Distillation animation.



Generalized Large-Scale Data Condensation via Various Backbone and 
Statistical Matching (CVPR 24)
Augment recover process: Propose generalized matching to preserves the rich and diverse information 
within the synthetic data.



Generalized Large-Scale Data Condensation via Various Backbone and 
Statistical Matching (CVPR 24)
Augment recover process: Propose generalized matching to preserves the rich and diverse information 
within the synthetic data.



Dataset Distillation in Large Data Era (arxiv 23) 

Augment relabel process: Apply Curriculum Data Augmentation to distill larger dataset.



Generalizing Dataset Distillation via Deep Generative Prior (CVPR 23)

Use the learned prior from pre-trained deep generative models.



Latent Dataset Distillation with Diffusion Models (arxiv 24)



Application



Meta Knowledge Condensation for Federated Learning (ICLR 23)

One-shot FL.



FedDM: Iterative Distribution Matching for Communication-Efficient Federated 
Learning (CVPR 23)

Able to guarantee (ε, δ)-differential privacy with the Gaussian mechanism.



Privacy for Free: How does Dataset Condensation Help Privacy? (ICML 22)

• They identify the privacy benefit of DC and propose to use DC for efficient and privacy-preserving data 
generation in machine learning pipeline.

• The synthetic dataset generated from random initialization is much more robustness against Membership 
inference attacks (MIA). 

• The privacy is for free due to the dataset distillation. DC- synthesized data are perceptually irreversible to 
original data in terms of similarity metrics of L2 and LPIPS. 

A milestone for data-efficient and privacy-preserving machine learning.

Dong T, Zhao B, Lyu L. Privacy for Free: How does Dataset Condensation Help Privacy?[J]. arXiv preprint arXiv:2206.00240, 2022.



Privacy for Free: How does Dataset Condensation Help Privacy? (ICML 22)



Backdoor Attacks Against Dataset Distillation (NDSS 23)

Naïve backdoor attacks don’t have much effect.

Inject directly. Finetune trigger.



Backdoor Attacks Against Dataset Distillation (NDSS 23)

ASR results. On the other hands, prove that DD is robust to normal backdoor attacks.



Potential direction 

1. Vision-language dataset distillation.

• Use reconstruction method, such as BN statistic, conv channel statistic.

• Improve the efficiency of DD process.

2. Improve the cross-architecture ability and generalization capacity for various scale dataset.

3. Inverse the process: distill informative dataset from LM and use this to efficiently train small model.

4. Back to reconstruction attack:

• We see the potential of this DD techniques and know the origin of DD from DLG. How about back to reconstruction?

• E.g. Understanding Reconstruction Attacks with the Neural Tangent Kernel and Dataset Distillation (Noel Loo et al., 
ICLR 2024) 

5. In FL scenario, is it really safe to transmit meta-knowledge? If safe, can have better method to prove? If not, 
privacy problems can be explored. 

6. Connected with Explainable AI. 

• E.g. Help explain fine-grained classification problem.



Integrated Gradients (IG) Method

What’s IG: using integrated gradients and comparing with the baseline to attribute feature. 

• Integrated gradients is inspired by the 
Aumann-Shapley value, which provides a 
theoretically grounded way to determine 
how much different groups of 
participants contribute to the system.

• Focus on the missingness that contributes to 
the final result.

• Steps: 

• Select a baseline

• Interpolate the image between baseline and 
original image

• Calculate the gradients towards the image

• Cumulative the gradients

• Problems:

• Hard to well-defined a notion of 
missingness towards a DL models.

• Like ‘Why doesn’t the attribution for “killer 
whale” highlight the black parts of the killer 
whale?’



Usage in the XAI: DD + IG

• Assumed steps:

• Find a hierarchical dataset, which labels contain a coarse and fined annotation.

• Distill the dataset using coarse labels and get distilled dataset (image per class=1).

• Train a neural network to classify the fined annotated dataset.

• View distilled image as baseline and then interpolate the image between baseline and original image.

• Use IG method to explain why network can make the proper prediction.

• Potential advantages:

• Distilled images are highly abstract, helping people understand why local and tiny features can make model do fined-
grained task.

• Serve well as a notion of missingness in IG because DD is a machine learning method and focuses on the coarse 
dataset.

Use distilled images as baseline and explain why network can achieve fined-grained classification.
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