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Generalization of Discriminative Models
A supervised learning example:

Bounding L(θ, PX,Y )− L(θ, P̂X,Y ) --- on expectation or high probability w.r.t dataset S

!(θ, x, y) = − log p(y | x, θ)

L(θ, PX,Y ) = Ex,y∼PX,Y
[!(θ, x, y)]

L(θ, P̂X,Y ) = −
m∑

i=1

log p(yi | xi; θ)



Generalization of Generative Models
An unsupervised learning example – density estimation:

Cross entropy:

Ex∼PX
[l(θ, x)] = −

∫

p(x) log p(x|θ) dx

=

∫

p(x) log
p(x)

p(x|θ)
dx

︸ ︷︷ ︸

DKL(PX‖PX|θ)

+

∫

p(x) log

(
1

p(x)

)

dx

︸ ︷︷ ︸

H(PX)

!(θ, x) = − log p(x | θ)

L(θ, PX) = Ex∼PX
[!(θ, x)]

L(θ, P̂X) = −
m∑

i=1

log p(xi | θ)

Bounding L(θ, PX)− L(θ, P̂X) --- on expectation or high probability w.r.t dataset S

For measure the generalization of learning the density model:



A Taxonomy of Generative Models



Overview of different types of generative models.

Figure source: https://lilianweng.github.io/posts/2021-07-11-diffusion-models/



Memorization, hallucination and generalization

For some easy –to-sample distribution π = N (0,σ2)

The generated data distribution PG

X

def

= G#π

The training data and original data distribution P̂X , PX

↑ D(PX↑PG

X
)

↓ D(P̂X‖PG

X
)

↑ D(PX↑P̂X)

over-memorization 
=> over-fitting
=> poor generalization

limited data

Data distribution Empirical data distribution

Generated data distributionPoor generalization => 
Hallucination/Memorization

inf
G

D(PX‖G#π)Objective:



Privacy and copyright issue caused by memorization

“Diffusion models leak more than twice train data than GAN”

[1] Carlini, Nicolas, et al. "Extracting training data from diffusion models." 32nd USENIX Security Symposium (USENIX Security 23). 2023.



Hallucination

X-ray data:  Real                                Fake 

Generalization theory may provide implicit regularizations to:
• reduce memorization 
• improve in-distribution generalization, may reduce hallucination as well



Generative Adversarial Networks (GAN)

● Directly learn G from data inf
G

Df (PX‖G#PZ)



Generative Adversarial Networks (GAN)

● Directly learn G from data inf
G

W1(PX‖G#PZ)

Wasserstein GAN (WGAN). The Wasserstein-1 distance between PX and
G#PZ is defined via the Kantorovich–Rubinstein duality as

W1(PX , G#PZ) = sup
‖f‖L≤1

Ex∼PX
[f(x)]− Ex∼G#PZ

[f(x)],

where the supremum is taken over all 1-Lipschitz functions f .
In WGAN, the discriminator is replaced by a critic fw constrained to be

1-Lipschitz, and the objective is

min
G

max
fw∈F

Ex∼PX
[fw(x)]− Ez∼PZ

[fw(G(z))].



VAE and WAE

● Indirectly learn G from data

inf
G

DKL(PX‖G#PZ) ≤ inf
G∈G,E∈E

DKL(PX × E(X)‖PZ ×G(Z)) .



Generalization Bounds for GANs

Husain, Hisham, Richard Nock, and Robert C. Williamson. "Adversarial networks and autoencoders: The Primal-Dual relationship and generalization bounds." arXiv
preprint arXiv:1902.00985 (2019)
Weed, J. and Bach, F. Sharp asymptotic and finite-sample rates of convergence of empirical measures in Wasserstein distance. Bernoulli, 25(4A):2620–2648, 2019.

Husain et al. 2019



Generalization Bounds for GANs 

Mbacke, Sokhna Diarra, Florence Clerc, and Pascal Germain. "PAC-Bayesian generalization bounds for adversarial generative models." International Conference on 
Machine Learning. PMLR, 2023.
Weed, J. and Bach, F. Sharp asymptotic and finite-sample rates of convergence of empirical measures in Wasserstein distance. Bernoulli, 25(4A):2620–2648, 2019.

(Generalization Bounds for WGAN) For any probability measure ρ over
G such that ρ ! π, with probability at least 1− δ over the draw of S,

Eg∼ρ [WF (PX , P g)] ≤ Eg∼ρ [WF (Pn, P
g)] +

1

λ

(

KL(ρ‖π) + log
1

δ

)

+
λ∆2

4n
. (1)

Mbacke et al. 2023



Generalization in encoder-decoder generative models

Generation Error <= Reconstruction Error + 

Qi Chen, Jerry Zhu, Florian Shkurti. Generalization in VAE and Diffusion Models: A Unified Information-Theoretic Analysis. ICLR 2025



Generalization Bounds for VAEs

Qi Chen, Jerry Zhu, Florian Shkurti. Generalization in VAE and Diffusion Models: A Unified Information-Theoretic Analysis. ICLR 2025



Generalization Bounds for VAEs

∆ := supx,x′‖x − x′‖ is the diameter of the bounded input space, Kθ is the

Lipchitz constant of encoder.

Mbacke et al. (2024) utilize the triangle inequality for the Wasserstein

distance, separately bounding DW1
(PX‖Gθ#P̂

Eφ

Z
) and DW1

(Gθ#P̂
Eφ

Z
‖Gθ#π).

Sokhna Diarra Mbacke, Florence Clerc, and Pascal Germain. Statistical guarantees for variational autoencoders using pac-bayesian theory. Advances in Neural 
Information Processing Systems, 36, 2024.

Optimizing the empirical VAE objective over epochs

Rewrite the bound of Mbake et al. :



Generalization for Diffusion Models

Qi Chen, Jerry Zhu, Florian Shkurti. Generalization in VAE and Diffusion Models: A Unified Information-Theoretic Analysis. ICLR 2025



Generalization for Diffusion Models



Generalization and sample complexity



Theoretical Results that Consider Training Dynamics 
● Our work (Chen et al. 2025)

○ assumes a sufficient small score matching loss -> enough training epochs
○ does not analyze the convergence for optimization error

● Puheng Li, Zhong Li, Huishuai Zhang, and Jiang Bian. On the generalization properties 
of diffusion models. Advances in Neural Information Processing Systems, 36, 2024.

● Bonnaire, Tony, et al. "Why Diffusion Models Don't Memorize: The Role of Implicit 
Dynamical Regularization in Training."  Advances in Neural Information Processing 
Systems (2025).



Theoretical Results that Consider Training Dynamics 

Puheng Li, Zhong Li, Huishuai Zhang, and Jiang Bian. On the generalization properties of diffusion models. Advances in Neural Information Processing Systems, 36, 2024.



Theoretical Results that Consider Training Dynamics 

Early stopping can improve generalization

Memorization normally happens when n << p
Model too simple => underfit

Bonnaire, Tony, et al. "Why Diffusion Models 
Don't Memorize: The Role of Implicit Dynamical 
Regularization in Training."  Advances in Neural 
Information Processing Systems (2025).



Theoretical Results that Consider Training Dynamics 

Bonnaire, Tony, et al. "Why Diffusion Models Don't Memorize: The Role of Implicit Dynamical Regularization in Training."  Advances in Neural Information 
Processing Systems (2025).



Thanks for your attention!


