
university of copenhagen

Dataset Condensation

ATDL Talk
Tong Chen, ML section, DIKU

November 27, 2025

Slide 1/10



Illustrative example: SVM
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What is Dataset Condensation (DC)?
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Does DC work?

[Zhao et al. 2021] Dataset Condensation with Gradient Matching
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How does DC work?

min
S

performance matching

∥L(fθT )− L(fθS )∥

∥fθT − fθS∥

∥θT − θS∥

distribution matching

DIPM(T ,S)

eg. DIPM(T ,S) = supf ∈F ∥ET [f ]− ES [f ]∥

DMMD(T ,S)

DW (T ,S)
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Feature transformation: generative models

Input space

T

S

Latent space

E(T )

E(S)

Encoder E

ZD(Z) Decoder D
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Examples: DC with performance matching

Matching fθ [Wang et al. 2022] Matching θ [Cazenavette et al. 2022]
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Examples: DC with distribution matching

IPM with CNN [Zhao et al. 2021] MMD with Gaussian [Zhang et al. 2023]
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Examples: DC with generative models

Pre-trained GAN [Zhang et al. 2023] GAN [Wang et al. 2023]
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Open questions about DC
• Beyond accuracy: robustness, fairness, privacy, etc.

• Does synthetic dataset preserves privacy, robustness or fairness?

• Adversarial loss:

Ladv (f ) = ET

[
max
∥δ∥≤ε

l(f (x+ δ), y)

]
Performance matching:

min
S

∥Ladv (f advθT
)− Ladv (f advθS

)∥

• How does the distribution of synthetic dataset looks like?
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