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Abstract

The widespread use of diffusion models has led to an abundance of AI-generated
data, raising concerns about model collapse—a phenomenon in which recur-
sive iterations of training on synthetic data lead to performance degradation.
Prior work primarily characterizes this collapse via variance shrinkage or distri-
bution shift, but these perspectives miss practical manifestations of model col-
lapse. This paper identifies a transition from generalization to memorization
during model collapse in diffusion models, where models increasingly replicate
training data instead of generating novel content during iterative training on syn-
thetic samples. This transition is directly driven by the declining entropy of
the synthetic training data produced in each training cycle, which serves as a
clear indicator of model degradation. Motivated by this insight, we propose
an entropy-based data selection strategy to mitigate the transition from general-
ization to memorization and alleviate model collapse. Empirical results show
that our approach significantly enhances visual quality and diversity in recur-
sive generation, effectively preventing collapse. The source code is available at
https://github.com/shilianghe007/Model_Collapse.git

1 Introduction

As generative models, such as diffusion models, become widely used for image synthesis and video
generation, a large volume of generated data has emerged on the Internet. Since state-of-the-art
diffusion models can generate realistic content that even humans cannot easily distinguish, the train-
ing datasets for next-generation models will inevitably contain a significant proportion of synthetic
data. Figure 1 illustrates this self-consuming loop, where at each iteration2, data generated by the
current model is subsequently used to train the new model for the next iteration. Unfortunately, sev-
eral recent studies have demonstrated that recursively training models on datasets contaminated by
AI-generated data leads to performance degradation across these self-consuming iterations—even
when synthetic data comprises only a small fraction of the dataset [1]. This phenomenon, termed
model collapse in prior work, poses a significant threat to the future development and effectiveness
of generative models.

∗The first two authors contribute equally.
2This paper uses “iteration” to denote a full cycle of training and generation, rather than a gradient update.
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Figure 1: High-level depiction of the self-consuming pipeline. Top: Collapse iteration represents
the replace paradigm where models are trained solely on synthetic images generated by the previous
diffusion model. Middle: In the mitigated iteration, original real data and previously generated data
are added to train the next-generation model. Our proposed selection methods construct a training
subset and can further mitigate collapse. Bottom Right: Evolution of the generated images.

As surveyed by [2], recent studies have identified various collapse behaviors that depend on the
performance metrics employed. A series of papers [3–6] reveal the model collapse phenomenon
through the variance of the learned distribution. They empirically and theoretically show that the
model continually loses information in the distribution tail, with variance tending towards 0. Another
line of work [5, 7–10] investigates the issue from the perspective of population risk or distribution
shifts. These studies observe that the generated distribution progressively deviates from the under-
lying distribution, causing the model’s population risk to increase throughout the recursive process.
Numerous studies [11–13] also report that models begin generating hallucinated data. Despite signif-
icant theoretical insights regarding variance dynamics, the reduction of variance to negligible levels
typically occurs only after an extremely large number of iterations. As noted by [2, 4], the collapse
progresses at such a slow pace that it is rarely a practical concern in real-world applications. In con-
trast, the visual quality and diversity of generated images deteriorate rapidly. Furthermore, although
population risk or distribution shifts offer a holistic view of performance degradation, they do not
adequately characterize specific collapse behaviors.

Accordingly, this paper conducts an in-depth investigation into the collapse dynamics of diffusion
models and identifies a generalization-to-memorization transition occurring across successive itera-
tions. Specifically, during early iterations, the model demonstrates a strong capability to generate
novel images distinct from those in the training set, but gradually shifts towards memorization in
later iterations, merely replicating training images. This transition significantly reduces the diver-
sity of generated content and results in higher FID scores. Moreover, directly reproducing images
from training datasets may raise copyright concerns [14, 15]. Furthermore, we empirically reveal
a strong linear correlation between the generalizability of the trained model and the entropy of its
training dataset. As iterations progress, the entropy of the data distribution sharply decreases, di-
rectly resulting in a decline in the models generalizability, which illustrates a clear transition from
generalization to memorization. Motivated by these empirical findings, we propose entropy-based
selection methods to construct training subsets from candidate pools. Extensive experimental val-
idation demonstrates that our proposed methods effectively identify high-entropy subsets, thereby
decelerating the generalization-to-memorization transition. Additionally, our approach achieves su-
perior image quality and lower FID scores in recursive training loops compared to baseline methods.

Our Contributions. The contributions of this paper are summarized as follows:

1. We identify the generalization-to-memorization transition within the self-consuming loop, pro-
viding a novel perspective for studying model collapse and highlighting critical practical issues
arising from training on synthetic data.
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2. We investigate the key factor driving this transition and empirically demonstrate a strong correla-
tion between the entropy of the training dataset and the generalization capability of the model.

3. Motivated by our empirical findings, we propose entropy-based data selection methods, whose
effectiveness is validated through comprehensive experiments across various image datasets.

2 Background

In this work, we focus on the image generation task. Let X be the d-dimensional image space,
X � Rd and let P0 be a data distribution over the space X . We use bold letters to denote vectors
in X . We assume the original training data Dreal = fx(1)

real; : : : ;x
(N0)
real g are generated independently

and identically distributed (i.i.d.) according to the underlying distribution P0, i.e., x
(i)
real � P0.

Diffusion Models. For a given data distribution, diffusion models do not directly learn the proba-
bility density function (pdf) of the distribution; instead, they define a forward process and a reverse
process, and learn the score function utilized in the reverse process. Specifically, the forward pro-
cess [16] progressively adds Gaussian noise to the image, and the conditional distribution of the
noisy image is given by: p(xtjx0) = N (xt;

p
��tx0; (1� ��t)I), where ��t is the scale sched-

ule, x0 is the clean image drawn from P0, and xt is the noisy image. This forward can also
be described as a stochastic differential equation (SDE) [17]: dx = f(x; t)dt + g(t)dw, where
f(�; t) : Rd ! Rd denotes the vector-valued drift coefficient, g(t) 2 R is the diffusion coef-
ficient, and w is a standard Brownian motion. This SDE has a corresponding reverse SDE as
dx = [f(x; t)� g2(t)rx log pt(x)]dt+ g(t)dw, where dt represents a negative infinitesimal time
step, driving the process from t = T to t = 0. The reverse SDE enables us to gradually convert a
Gaussian noise to a clean image x � P0.

The score functionrx log pt is typically unknown and needs to be estimated using a neural network
s�(x; t). The training objective can be formalized as

Et∼U(0;T )Ept(x)

h
�(t) krx log pt(x)� s�(x; t)k2

2

i
;

and can be efficiently optimized with score matching methods such as denoising score matching
[18].

Self-Consuming Loop. Following the standard setting of model collapse [1, 4, 7, 11, 19–21], we
denote the training dataset at the n-th iteration as Dn. Let A(�) denote the training algorithm that
takes Dn as input and outputs a diffusion model characterized by the distribution Pn, i.e., Pn =
A(Dn). In this work, we train the diffusion model from scratch at each iteration. Subsequently, the
diffusion model generates a synthetic dataset of size Nn, denoted by Gn � PNn

n , which is used in
subsequent iterations.

Based on the specific way of constructing training datasets, previous studies [4, 11, 22] distinguish
two distinct iterative paradigms:

• The replaced training dataset. At each iteration, the training dataset consists solely of synthetic
data generated by the previous diffusion model, i.e., Dn = Gn−1. Several studies [4, 8, 22]
refer to this as the “replace” paradigm and have demonstrated that under this setting, the variance
collapses to 0 or the population risk diverges to infinity.

• The accumulated training dataset. A more realistic paradigm [8, 11] is to maintain access to
all previous data, thereby including both real images and all synthetic images generated thus far,
i.e., Dn = ([n−1

j=1 Gj) [ Dreal. However, continuously increasing the training dataset size quickly
demands substantial computational resources. A practical compromise is to subsample a fixed-
size subset from all candidate images, referred to as the “accumulate-subsample” paradigm in [4].
Under certain conditions, prior work [4, 8] have shown that accumulating real and synthetic data
mitigates model degradation, preventing population risk from diverging.

This work focuses on the replace and accumulate-subsample paradigms following prior studies of
[3, 4, 6]. Please refer to the Appendix for additional related work.
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3 Model Collapses from Generalization to Memorization

In this section, we empirically demonstrate the transition from generalization to memorization that
occurs over recursive iterations, and investigate the underlying factors driving this transition. All
experiments in this section are conducted on the CIFAR-10 dataset [23] using a UNet-based DDPM
model [16], under the replace paradigm, where each model is trained solely on samples generated
by the model from the previous iteration. However, in Appendix D, we extend the explorations to
other datasets and paradigms, where the conclusion remains valid.

Generalization Score. To quantify generalization ability, we adopt the generalization score [15,
24, 25], defined as the average distance between each generated image and its nearest training image:

GS(n) , Dist(Dn;Gn) =
1

jGnj
X

x∈Gn

min
z∈Dn

�(x; z); (1)

where �(�; �) : Rd � Rd ! R denotes a distance metric between two data points. A higher general-
ization score GS(n) indicates that the model generates novel images rather than replicating training
samples.

Remark: [15] measure generalizability as the probability that the similarity between a generated
image and its nearest training sample exceeds a threshold. [25] assesse memorization via a hypoth-
esis test. While definitions of generalizability vary across studies, they are fundamentally similar,
relying on nearest neighbor distances.

Highlight of Observations: The generated data progressively collapses into numerous compact
local clusters over model collapse iterations, as evidenced by both the sharp decline in entropy over
iterations and visualizations. This localized concentration of data points then facilitates memoriza-
tion in subsequent models, reducing their ability to generate novel images. Our claim is supported
by the following three findings.

3.1 Finding I: Generalization-to-Memorization Transition

A generalization-to-memorization transition is revealed by experiments showing that the model ini-
tially generates novel images but gradually shifts to reproducing training samples in later iterations.
We conduct iterative experiments on the CIFAR-10 benchmark [23] to illustrate this transition. Fig-
ure 2 visualizes generated samples alongside their nearest neighbors in the training set. With a
relatively large sample size, i.e., 32;768 real samples as the starting training dataset, the model tends
to generalize first and then memorize. At the early iterations, the diffusion model exhibits strong
generalization in early iterations, producing high-quality novel images with little resemblance to
training samples. However, its generalization ability deteriorates rapidly over successive iterations,
and the model can only copy images from the training dataset after several iterations.

To quantitatively validate the generalization-to-memorization transition, we track the generaliza-
tion score (GS) introduced in Equation (1), which measures the similarity between the gen-
erated images Gi and the corresponding training images Di at each iteration. We follow
the protocol of [15] and construct six nested CIFAR-10 subsets of increasing size: jD1j 2
f1;024; 2;048; 4;096; 8;192; 16;384; 32;768g. These subsets span approximately 3% to 65% of the
full training set, providing controlled start points that reflect varying degrees of memorization and
generalization. As shown in Figure 2, GS drops almost exponentially with successive iterations,
providing strong empirical evidence for the generalization-to-memorization transition. The decline
is noticeably slower for larger training subsets, indicating that larger sample sizes preserve general-
ization longer and delay the onset of memorization. For the smallest dataset of 1;024 images, the
model enters the memorization regime from the first iteration and remains there throughout.

3.2 Finding II: The Entropy of the Training Set Shrinks Sharply over Iterations

We identify entropy as the key evolving factor in the training data that drives the transition from
generalization to memorization. Prior work [24] interprets generalization in diffusion models as a
failure to memorize the entire training set. [15] further show that diffusion models tend to generalize
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Figure 2: The generalization-to-memorization transition. Left: visualization of the generated
images (Gn) and their nearest neighbors in the training dataset (Dn). As the iteration proceeds, the
model can only copy images from the training dataset. Right: quantitative results of the generaliza-
tion score of models over successive iterations. We use different colors to represent different dataset
sizes. A smaller dataset has a larger decaying rate and even falls in the memorization regime at the
start [15]. We use “iteration” to denote a full cycle of training and generation, rather than a gradient
update.

when trained on large datasets (e.g., > 214 images in CIFAR-10) and to memorize when trained on
small ones (e.g., < 29 images). However, since we fix the size of the training dataset for every iter-
ation, the previous conclusion [15] that a larger dataset leads to generalization cannot fully explain
the phenomenon observed in Finding I. We hypothesize that although sample size remains constant,
the amount of information it contains decreases over time, making it easier for the model to memo-
rize. Based on this hypothesis, we adopt the differential entropy to quantify the information content
and complexity of the continuous image distribution.
Definition 3.1 (Differential Entropy [26]). Let X be a continuous random variable with probability
density function f supported on the set X . The differential entropy H(X) is defined as

H(X) = E[� log(f(X))] = �
Z
X
f(x) log f(x) dx

Estimation. However, the density function f of the image distribution is unknown. We use the fol-
lowing Kozachenko-Leonenko (KL) estimator proposed in a well-known paper [27] to empirically
estimate H(X) from a finite set of i.i.d. samples D drawn from the distribution P :

Ĥ
(D) =  (jDj)�  (
) + log cd +
d

jDj
X
x∈D

log "
(x); (2)

where  : N ! R is the digamma function, i.e., the derivative of the logarithm of the gamma
function; 
 is any positive integer; cd denotes the volume of the unit ball in the d-dimensional space;
and "
(x) = �(x;x
) represents the 
-nearest neighbor distance, where x
 is the 
-th nearest
neighbor of x in the set D. Prior work [28] has shown that the KL estimator is asymptotically
unbiased and consistent under broad conditions.

We use the KL estimator with 
 = 1 to measure the entropy of the image dataset at each iteration.
As shown in Figure 3, the entropy of the generated image dataset—used as the training set in the
next iteration—consistently decreases over iterations. With a fixed dataset size, the only dataset-
dependent term in Equation (2) is the sum of nearest-neighbor distances "(x) indicating that samples
in D become increasingly concentrated. This suggests the distribution is becoming spiky. Figure 3
further illustrates this trend by projecting high-dimensional images onto the subspace spanned by
their top two eigenvectors. The visualization reveals that the generated images form numerous local
clusters, while the overall support of the distribution remains relatively stable.

3.3 Finding III: The Correlation between Entropy and Generalization Score

We verify that the generalization score of the trained model is strongly correlated with the entropy of
the training dataset. The similar collapsing trends of entropy and the generalization score motivate a
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