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Motivation: Scaling in Deep Learning Training
Scaling Trend: Need for larger datasets and models to achieve better performance.

Resource Constraints: Challenging for researchers with limited computation and storage.
Saturation of Training DataExponential Increase in Compute 

Villalobos, Pablo, et al. "Position: Will we run out of data? Limits of LLM scaling based on human-generated data." ICML. 2024. 2

Goal: Achieve similar performance using only a fraction of the training data.
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Impact: Small dataset = less training cost 



Compresses the distribution of a large dataset into a generative model, which is 
then used to sample a distilled dataset.

Related Work: Generative Dataset Distillation
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Diffusion models effectively capture the underlying data distribution1.

Samples that are both diverse and representative of the original data.
1Dhariwal, Prafulla, and Alexander Nichol. "Diffusion models beat GANs on image synthesis." NeurIPS (2021)

6
Generative-based Methods
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Why?:

1) Avoid the training signal redundancy
2) Each Increment Targets Current Model Knowledge Gap
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Problem Formulation
Instead of distilling all samples at once, partition the surrogate into disjoint increments built stage by stage.

Partition: Split the distill dataset into K disjoint increments, each adding new IPC samples.1

Cumulative Training: At stage 𝑖, train model 𝜃$ on the accumulated dataset 𝐷$.2

Maximize Training Signal: Find the increment that maximizes the current model's ability 
to learn.

3

Learnability: Use a reference model to restrict to learnable samples. 4

𝐷% = 𝐼& ∪ 𝐼' ∪⋯∪ 𝐼(

𝐷$ 	=	∪$)'* 𝐼* 𝜃$ = 𝑡𝑟𝑎𝑖𝑛 𝜃$+', 𝐷$

𝐼$∗ = argmax
-
, ℒ 𝜃$+', 𝐼

𝐼$∗ = argmax
-
, [ℒ 𝜃$+', 𝐼 	− ℒ 𝜃∗, 𝐼 ]



Learnability Guidance

Learnability Score: High 𝑆 indicates the current model struggles while the reference model 
does not.

𝑆 𝑥, 𝑦 = ℒ 𝜃$, 𝑥, 𝑦 − ω	 ⋅ ℒ 𝜃∗, 𝑥, 𝑦

Learnability Guidance: Push current generation toward learnable samples

<𝜖. 𝑥/, 𝑡, 𝑦 = >𝜖. 𝑥/, 𝑡, 𝑦 + λ ⋅ ∇0!𝑆 𝑥/, 𝑦



Learnability Rank Selection

Learnability Score: High 𝑆 indicates the current model struggles while the reference model 
does not.

𝑆 𝑥, 𝑦 = ℒ 𝜃$, 𝑥, 𝑦 − ω	 ⋅ ℒ 𝜃∗, 𝑥, 𝑦

Learnability Rank Selection: Sample k samples and choose the Top-1 based on learnability 
score. 
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Measuring Training Dynamics of Distilled Dataset
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Measuring Training Dynamics of Distilled Dataset

Impact: Ours produce 5x informative samples



Conclusion

vLearnability-driven incremental Framework

vLearnability Guided Diffusion

v Training Signal Redundancy  Analysis across distilled Increments

vState-of-the-art or competitive performance with improved sample efficiency


