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Abstract

As synthetic data proliferates across the Internet, it is often
reused to train successive generations of generative models.
This creates a “self-consuming loop” that can lead to training
instability or model collapse. Common strategies to address
the issue—such as accumulating historical training data or
injecting fresh real data—either increase computational cost
or require expensive human annotation. In this paper, we em-
pirically analyze the latent space dynamics of self-consuming
diffusion models and observe that the low-dimensional struc-
ture of latent representations extracted from synthetic data
degrade over generations. Based on this insight, we propose
Latent Space Filtering (LSF), a novel approach that mitigates
model collapse by filtering out less realistic synthetic data from
mixed datasets. Theoretically, we present a framework that
connects latent space degradation to empirical observations.
Experimentally, we show that LSF consistently outperforms
existing baselines across multiple real-world datasets, effec-
tively mitigating model collapse without increasing training
cost or relying on human annotation.

1 Introduction

Diffusion models have emerged as a leading class of gener-
ative models in computer vision, achieving state-of-the-art
performance in image generation tasks (Dhariwal and Nichol
2021). By learning to reverse a noise-injection process, these
models can synthesize high-quality samples (Ho, Jain, and
Abbeel 2020; Song and Ermon 2019). Compared to earlier ap-
proaches such as variational autoencoders (VAEs) (Chen et al.
2024) and generative adversarial networks (GANs) (Goodfel-
low et al. 2020), diffusion models offer greater training sta-
bility, improved sample fidelity (Dhariwal and Nichol 2021),
and broader applicability across diverse domains.

Modern diffusion models are typically trained on large-
scale datasets scraped from the Internet. However, as syn-
thetic data proliferates online, it inevitably becomes part
of the training data for future generations of models, creat-
ing a “self-consuming training loop.” Recent studies have
shown that such self-consuming loops may lead to model col-
lapse (Shumailov et al. 2023; Gerstgrasser et al. 2024; Alemo-
hammad et al. 2024a; Shumailov et al. 2024; Wei and Zhang
2025), training instability (Bertrand et al. 2024), and potential
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bias amplification (Taori and Hashimoto 2023; Wyllie, Shu-
mailov, and Papernot 2024; Xie and Zhang 2024). To mitigate
these issues, several strategies have been proposed, including:
(1) accumulating all historical (real and synthetic) samples
into the training dataset (Gerstgrasser et al. 2024; Wang et al.
2024); (ii) injecting sufficient fresh real data during each
generation cycle (Alemohammad et al. 2024a; Kazdan et al.
2024; Fu et al. 2025); (iii) modifying the training process in
each round—for example, by utilizing prior knowledge of
the real distribution (Gillman et al. 2024), merging sequen-
tially trained models (Alemohammad et al. 2024b; Yuan et al.
2025), or leveraging feedback on synthetic data (Feng et al.
2025). However, these approaches often incur substantial stor-
age and computational costs, require expensive and reliable
human annotations, or are limited to single-step retraining
rather than the full multi-step self-consuming process.

In this work, we address the above limitations and propose
an alternative strategy to mitigate model collapse without
introducing additional storage overhead, training cost, or
reliance on human annotations. Unlike existing works that
study self-consuming generative models in input space, we
shift the focus to latent space, aiming to understand the causes
of model collapse through the lens of latent representations.
The idea is to first investigate how the representations of
model-generated data evolve in latent space across successive
self-consuming training loops. Based on this insight, we
develop a filtering mechanism that mitigates model collapse
by identifying and removing less realistic data from the mixed
training set at each round of the self-consuming process.

Specifically, we use diffusion models to extract latent rep-
resentations for real and synthetic images sampled at each
round of the self-consuming training loop (Li et al. 2025). For
each generation, we compute Orthogonal Low-rank Embed-
ding (OLE) scores (Lezama et al. 2018) of the latent repre-
sentations, which quantify the orthogonality of class-specific
subspaces and reflect the underlying low-dimensional struc-
ture. Our key observation is that the low-dimensional struc-
ture of latent representations from synthetic images gradually
degenerates as self-consuming training progresses, whereas
real images tend to exhibit more orthogonal subspaces. Moti-
vated by this observation, we introduce Latent Space Filtering
(LSF), a method that identifies and filters synthetic images
with degraded latent representations before they are used in
further training. Specifically, we train a representation prob-



ing classifier for real images based on their latent embeddings.
The confidence score from this classifier serves as a proxy for
how well a data sample aligns with the low-dimensional man-
ifold of real data. Samples with low alignment are discarded,
preventing them from introducing additional noise into the
model’s learned latent subspaces. In addition to the algorith-
mic development, we establish a theoretical foundation for
the proposed method, which explains how the degeneration
of low-dimensional structures correlates with changes in both
the OLE scores and the probing classifier’s confidence scores.
Our main contributions are summarized below. !

In Section 2, we formalize the problem of studying self-
consuming diffusion models in latent space. To the best
of our knowledge, this is the first work to investigate how
the low-dimensional structure of latent representations
evolves across the self-consuming training loop.

In Section 3, we analyze how the low-dimensional struc-
ture of latent representations—measured by Orthogonal
Low-rank Embedding (OLE) scores—evolves across suc-
cessive generations of self-consuming diffusion models.

Motivated by empirical observations, Section 4 proposes
Latent Space Filtering (LSF), a practical approach that
mitigates model collapse by filtering low-quality synthetic
data based on subspace alignment, without requiring ad-
ditional real data collection or increased training cost.

We establish a theoretical framework to justify both em-
pirical observations and the proposed method. This frame-
work explains how the degeneration of low-dimensional
structures correlates with changes in OLE scores (Theo-
rem 1) and in the confidence scores of the probing classi-
fier used to assess subspace alignment (Theorem 2).

In Section 5, we extensively evaluate the proposed method
across multiple real-world datasets?. The results demon-
strate that LSF effectively mitigates model collapse and
outperforms existing baselines, without the need for a
growing training set or additional curated data.

2 Problem Formulation

Consider a platform that iteratively trains diffusion models
using a sequence of training datasets. Let f(*) denote the
diffusion model trained on dataset D(*) during the k-th round
of the iterative retraining loop, and let D*+D) be the synthetic
dataset generated by f(*). Without loss of generality, we
assume the initial dataset D(©) used to train the first model
f© consists of real data. We consider two variants of the
self-consuming training loop (Alemohammad et al. 2024a):

1. Pure synthetic loop: Only the synthetic data generated

by the most recent model is used to train the next model,
ie,D® =Dk V.

. Accumulation loop: All previously used training data,
including the initial real dataset D(®) and synthetic sam-
ples from earlier generations, are accumulated to train the

"More related work is discussed in Appendix D. Conclusions
and limitations are provided in Appendix E.

2Source code available at https://github.com/osu-srml/Latent-
Space-Filtering
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next model, i.e., D) .= p=1) 4Dk = DO yDM)
- UDW®) V.
In practice and the experiments presented in Section 5, we
may apply additional processing steps to D*), such as re-
sampling or filtering, before training f(*).

Background: Diffusion Model. We use Denoising Diffusion
Probabilistic Models (DDPM) (Ho, Jain, and Abbeel 2020)
as an example to illustrate the training of f(*) in each round
of the retraining loop, though our analysis and method are
broadly applicable beyond this specific architecture.

Training a DDPM consists of two stages: a forward process
that gradually adds noise to the data, and a reverse process
that learns to remove the noise. In the forward process, Gaus-
sian noise is iteratively added to a clean image xo ~ ¢(x)
over T’ steps, producing a sequence of increasingly noisy
images {x1, ..., 27 }. The conditional distribution at each
timestep is defined as:

q(@i|zi-1) = N(zi; /1 = Bixe—1, Be),
where (3, is a variance schedule. As T — oo, the image
x7 approaches pure Gaussian noise. The reverse process
learns to denoise €y ~ N(0, I) back to x using a model
€y trained to predict the noise at each step. Specifically, the
model is optimized by minimizing the simplified Evidence
Lower Bound (ELBO) objective: Vg ||€y(x, 1) — €o]|”. At
generation time, denoising proceeds from z7 ~ A (0, I) to
xq using the learned €y according to the following:

al
Ty —

Vo
where oy = 1 — By, &y = H::1 a;, z ~ N(0,I), and

oq(t) % Song and Ermon (2019) propose

a related framework based on score matching, where a neural
network is trained to approximate the score function sy ()
V2 log ¢(x). Using Langevin dynamics (Welling and Teh
2011), one can then generate samples that follow the target
distribution via the learned score function. This framework
connects to DDPM through the following approximation:

sg(xy,t) ~ —eggm\/%.

In practice, diffusion models typically employ U-Net ar-
chitectures (Ronneberger, Fischer, and Brox 2015), which
encode features through a series of downsampling layers and
reconstructs the image via upsampling. We extract latent rep-
resentations from U-Net’s bottleneck layer, which has proven
effective for various downstream tasks such as controllable
image editing (Kwon, Jeong, and Uh 2023; Li et al. 2025).

Low-dimensional structure of latent representations
under self-consuming loop. Existing research on self-
consuming generative models has primarily focused on the
input space, while the impact on latent representations re-
mains largely unexplored. Understanding how latent repre-
sentations and their underlying low-dimensional structure
evolve during self-consuming training may offer valuable
insights for developing strategies to mitigate model collapse.

Specifically, for the k-th round of iterative retraining loop,

let the denoising model of the diffusion model f(*) be de-

noted as Egk)() = d® o e®)(.), which is formed by an

LTi—1 =

~
~




encoder e(*) and a decoder d®). Since (%) is the encoder
of the initial model f(9) trained solely on real data D(®),
we consider the output of ¢(?) as the latent representation
of a data sample in this work. For a sample x(*) generated
by f*) at k-th round of self-consuming training loop, we
denote the latent representation at denoising timestep ¢ as
hgk) = e (x®) 1), following prior works on representation
extraction via diffusion models (Li et al. 2025).

Objectives. In this work, we focus on self-consuming diffu-
sion models and aim to leverage the low-dimensional struc-
ture of latent representations to better understand the causes
of model collapse and develop effective mitigation strategies.
Our goals are to: 1) examine how the low-dimensional struc-
ture of latent representations hgk) evolves throughout the
self-consuming training loop; and 2) based on these insights,
develop a novel mechanism to mitigate model collapse by
filtering out less realistic samples, which compared to prior
methods, without incurring additional training costs or rely-
ing on human annotations.

3 Evolution of Low-Dimensional Structure of
Latent Representations

Empirical observations. For a batch of N images B*) =

(@ ", @,y ")} sampled from dataset D)

at k-th round of self-consuming loop,? the latent representa-

tions extracted using () in matrix form are given by:

k k k k
MO nE o n)

t
where hl(-ﬁ) = e(o)(acl(-k),t) (1

Similarly, we define the class-specific latent representations
MC(I? for all samples B*) = {(z,y) € B® | y = ¢}
belonging to class ¢ € C. Given (class-specific) latent rep-

resentations Mt(k) and {Mc(,]?}cec, we measure the low-
dimensional structure and class separability using the Orthog-
onal Low-rank Embedding (OLE) criterion (Lezama et al.
2018), which captures the degree of orthogonality between

class-specific subspaces and is defined as:
k k k
OLE" = Yoce | M« — 1MV

where ||- ||« is the nuclear norm (sum of the singular values). A
lower OLE value indicates that the latent representations ex-
hibit stronger intra-class low-rank structure and greater inter-
class orthogonality, thereby reflecting a more structured and
separable latent space. The OLE criterion has been widely
used in prior work to enhance feature discriminability in
classification tasks (Lezama et al. 2018; Huang, Qiu, and
Sapiro 2025). In our setting, increasing OLE values suggest
a trend toward a degenerate latent space, where class-specific
subspaces lose structure and become less distinguishable.

3The class label can either be the ground-truth annotation or a
group label assigned by an unsupervised clustering algorithm. Unsu-
pervised clustering enables us to explore low-dimensional structures
beyond predefined classes, as diffusion models can capture factor-
ized features that may not align with standard semantic categories.

19846

(a) MNIST (b)) CelebA
154 20
210 a \
5] 101
0 500 1000 0 500 1000

Denoising Timesteps Denoising Timesteps

—— Generation 3
Generation 5

—— Real
—— Generation 1

Figure 1: OLE values of latent representations extracted by
a fixed diffusion model across generations and denoising
timesteps. Each curve corresponds to a generation within a
pure synthetic self-consuming loop. When conditioned on
timestep, OLE values increase with generation, indicating
progressive structural degradation of the latent space. When
conditioned on generation, OLE exhibits a U-shaped trend
over denoising timesteps.

We first consider a pure synthetic self-consuming loop
and train diffusion models for 6 generations, with models
fine-tuned on 1,000 images for 3 epochs in each generation.
For each image, we assign a label using sparse subspace
clustering by orthogonal matching pursuit (SSC-OMP) algo-
rithm (You, Robinson, and Vidal 2016). We compute OLE
values for 10 batches of real and synthetic data. The results
for MNIST (LeCun, Cortes, and Burges 2010) and CelebA
(Liu et al. 2015) are shown in Figure 1. Conditioned on gen-
eration, we observe that OLE initially decreases and then
increases with the denoising timestep; this trend is consis-
tent with recent findings that representation quality exhibits
a unimodal trajectory (Li et al. 2025). Lower OLE values are
associated with greater feature separability, higher representa-
tion quality, and improved performance on downstream tasks.
More importantly, when conditioned on the same timestep,
OLE values increase as the self-consuming generation pro-
gresses. This suggests that the latent representations become
less structured and increasingly entangled over time.

The above observations are expected. Intuitively, latent
features extracted by the diffusion model act as intermediaries
that guide the generation of high-quality images. However,
in self-consuming loops, synthetic data gradually deviates
from the real data distribution. As a result, the learned low-
dimensional structure diverges from the true data manifold,
becoming less informative over time and ultimately leading
to a decline in the quality of generated samples.
Theoretical analysis. The formulation of OLE is motivated
by geometric intuition, aiming to quantify how well class-
specific feature subspaces are aligned or separated. Prior
work has shown that OLE is always non-negative and equals
zero when the subspaces are perfectly orthogonal (Lezama
et al. 2018). However, the quantitative relationship between
OLE and the degree of subspace orthogonality remains unex-
plored. In what follows, we address this gap by developing a
theoretical framework that characterizes the connection be-
tween latent space degeneration and the dynamics of OLE.
For clarity of presentation, we omit the diffusion timestep ¢



and generation index k in the notations.

Given latent representation h,; of data sample (x;, ;) gen-
erated by encoder e (Eqn. (1)), we assume data are from
two classes C = {0, 1} and latent representations h; € R**!
for each class ¢ € {0, 1} are drawn from noisy low-rank
Gaussian distributions. Mathematically, we model condi-
tional distribution of h; | y; = c¢ as zero-mean Gaussian
N(0,X.) with covariance ¥, = U.U, + 0%I,. Here,
U. € R is an orthonormal basis matrix representing
the low-dimensional subspace of class ¢ with rank r < d, and
021, represents isotropic noise.

Let matrix M, € R%*" be the class-specific latent repre-
sentations for n samples from class ¢, with each column the
representation of one sample. Let M = [M, M,] € RZx2n
denote the concatenated matrix of a batch of samples from
two classes. The OLE for this sample matrix becomes:

OLE(My, M) = || Mol|+ + [| M ]« — [[M]].,

where || - || denotes the nuclear norm. For any column unit
vectors u; of Ug and v; in Uy, denote their angle as 05, i.e.,
u; v; = cosb,j, 4,5 € [r]. Suppose that the cosine similarity
of each pair of unit basis can be bounded by:

cosf < costy; < Lcos 9~,

where ¢ measures the range of pairwise cosine similarities,
6 € [0, 3] is the largest pairwise angle. Theorem 1 below
provides a lower bound on the expected value of OLE, char-
acterized by the degree of orthogonality between subspaces.

Theorem 1 (Lower bound of OLE). Forall 6 € [0, 5], when
T > 2n, the expected OLE satisfies the following:

E[OLE(My, My)] > Cy — Cs - 6(6),

where

$(0) = V2n-Vlcos++/2n(2n — 1) - \/1 —cos b,
Cy = 2y(rn) — 2v/ny(dn) — v2n - y(2dn),
Cs = 27(7'”)7

T s
and y(n) == /2 (%)
The proof of Theorem 1 is provided in Appendix A. This
result offers a theoretical explanation for the empirical trend
observed in Figure 1, where OLE values increase across
successive generations. More specifically, assuming that as
the self-consuming process progresses, the quality of the
generated data decreases and the learned latent subspaces
become less orthogonal (i.e., 6 between subspaces span(Uy)
and span(U;) decreases), Theorem 1 shows that as 6 de-
creases, the lower bound on the expected OLE increases.

)

, with I'(-) being Gamma function.

Remark 1. Since ¢(0) in Theorem 1 is decreasing as 0
decreases over [0, arccos i], the lower bound of OLE in-
creases as the subspaces Uy, Uy become less orthogonal.
When n — oo, we have arccos % — g, indicating that the
conclusion in Theorem 1 holds for most 0 € [0, T].

Mitigate model collapse through filtering. Previous studies

have suggested that removing low-quality synthetic samples
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Figure 2: Correlation between
the average generation num-
ber of each batch and its
corresponding OLE score,
computed on the accumu-
lated CelebA dataset. Batches
with lower average genera-
tion numbers (i.e., containing
more realistic images) tend to
have lower OLE values. How-
ever, the correlation is not
strong enough to enable reli-
able filtering based solely on
batch-level OLE.

Figure 3: Correlation between
the OLE and average confi-
dence scores of each batch,
computed on the real and syn-
thetic MNIST datasets pro-
duced at different generations.
Batches with lower OLE (i.e.,
greater feature separability)
tend to have higher confi-
dence scores, indicating that
we can use confidence score
as an individual-level proxy
of batch-level OLE score.

from the training data can be more effective in stabilizing
retraining than adding high-quality data (Kazdan et al. 2024).
However, identifying synthetic images directly within a mix-
ture of real and synthetic data is challenging (Corvi et al.
2023; Feng et al. 2025). The observations in Figure 1 suggest
a potential direction:

Can synthetic images be identified and filtered based on the
quality of their latent representations?

A straightforward idea is to compute the OLE score for
each batch B*) and discard those whose scores exceed a
certain threshold. While this approach is intuitive, it becomes
less effective in realistic scenarios where real and synthetic
images are mixed within each batch. Unlike in our controlled
experiments where each batch contained either only real or
only synthetic data (as shown in Figure 1), mixed batches
dilute the signal that OLE captures.

To assess the feasibility of OLE-based filtering in such
mixed scenarios, we combine the accumulated datasets
DO .., DO) from the Accumulation Loop and compute
the OLE score for each batch. Each image is tagged with the
generation index from which it was sampled, allowing us to
calculate the average generation number per batch. A lower
average generation number indicates that the batch contains
more samples from earlier stages of self-consuming train-
ing, which are less affected by model collapse and therefore
more likely to be of higher quality. As shown in Figure 2,
there is a positive correlation between batch OLE scores
and the average generation number. Since earlier generations
contain more realistic samples, this correlation supports the
hypothesis that lower OLE scores reflect higher-quality latent
representations. However, the correlation is relatively weak,



and filtering data batches based on OLE scores is not a reli-
able strategy—particularly when each batch contains a mix
of real and synthetic images. Indeed, as shown in Figure 4,
OLE-based filtering does not yield significant improvement
over random sampling in stabilizing self-consuming training.
We thus introduce an alternative proxy of OLE scores with a
better filtering algorithm, as detailed in Section 4.

4 Proposed Method: Latent Space Filtering

Section 3 shows that OLE scores computed over data batches
cannot serve as a reliable criterion for filtering synthetic
data, particularly when each batch contains a mix of real
and synthetic samples. We therefore introduce an alternative
representation-based filtering mechanism, which is related to
OLE but more effective, as detailed below.

Motivation. As shown in Figure 1, OLE exhibits a U-shaped
trend over diffusion timestep ¢ when conditioned on genera-
tion number k, and increases with generation £ when condi-
tioned on timestep ¢. Interestingly, a similar U-shaped pattern
was observed in (Li et al. 2025), which demonstrates that the
representation quality of diffusion models during the denois-
ing process follows a unimodal trajectory. We thus hypothe-
size that representation quality—measured by the accuracy of
a probing classifier (a simple, often linear classifier applied to
latent representations to assess their informativeness)—also
reflects the underlying low-dimensional structure, similar to
what is captured by OLE scores.

Following this idea, we propose a representation-based fil-
tering approach. Assuming that a probing classifier trained on
the latent representations of real images captures the underly-
ing low-dimensional structure, we can then use the classifier’s
confidence scores to measure the degree of misalignment be-
tween a sample’s representation and those of real data. Specif-
ically, we first extract latent representations of real images
using a well-trained diffusion model, then train a softmax re-
gression model based on these representations. Let the output
logit for class ¢ be defined as o.(x) = w_ = + b.. Then, for
an image x with label y, we compute its confidence score
regarding the correct class by softmax function:

exp{oy(z)}

Yeec exp{oc(@)}

We hypothesize that images with higher confidence scores
are more likely to resemble real data and can therefore serve
as a reliable filtering criterion. To verify this hypothesis, we
conduct experiments on the MNIST dataset, with results
shown in Figure 4.

Figure 4a presents box-and-whisker plots of confidence
scores across different generations*. The results reveal a
clear correlation: images from later generations tend to
have lower confidence scores. This suggests that confidence
scores can serve as a more fine-grained filtering criterion
compared to batch-level OLE scores. Furthermore, Figure 3

f(iL’, y) = 2

*Each box spans from the first quartile (Q1) to the third quartile
(Q3) of the data, with whiskers extending to 1.5 times the interquar-
tile range (IQR). Data points beyond the whiskers are shown as
fliers, indicating outliers.

19848

Algorithm 1: Latent Space Filtering

Input: Pre-trained diffusion model f(°), training budget N,
self-consuming loop K.

1: Train a probing classifier with f(°) and real images D(°)
2: for k =1to K do

3:  Sample a new dataset D*) from model f*~1).

4:  Construct a dataset D*) according to the type of the
self-consuming loop.

5:  Compute the confidence score £(x;, y;) for each im-
age (x4,7;) € D™ by Eqn. (2).

6:  Select top-N images with highest scores to construct
a new set D*) with training budget N.

7:  Train a new diffusion model f(*) using dataset D",

8: end for
9: Output: f%)

shows a positive correlation between low OLE scores and
high average confidence scores across batches, suggest-
ing that confidence scores can serve as a viable proxy for
OLE scores. Unlike OLE, which operates at the batch level,
confidence scores are computed per image, allowing us to
circumvent the previously mentioned issue of mixed real and
synthetic samples within the same batch.

To evaluate the effectiveness of confidence-based filtering,
we compare it with random sampling in Figures 4b and 4c.
For each generation number k, we construct an accumulated
dataset by concatenating the real dataset with a series of

synthetic datasets 13(1), . ,15(’“), where the size of these
datasets increases from 1,000 to 5,000 images, as indicated
in the figures. Using a pre-trained probing classifier, we score
all images and select the top 1,000 with the highest confi-
dence. Figure 4b reports the average generation number of
the filtered images: lower values indicate samples that are
closer to the real distribution. Since real images play a more
critical role in mitigating model collapse in self-consuming
loops (Alemohammad et al. 2024a; Fu et al. 2025, 2024),
Figure 4c further reports the proportion of real images in the
filtered set. The results demonstrate that filtering using the
probing classifier yields both a lower average generation
number and a higher fraction of real images compared to
random sampling. Furthermore, as the size of the accumu-
lated dataset increases, the filtering becomes more effective
because the larger pool of real images results in the filtered
fixed-size dataset containing more real images.

In Algorithm 1, we summarize the complete procedure
for applying the proposed filtering method to self-consuming
accumulation training loop. It is worth noting that access to
real images is only required at the start of the self-consuming
loops. Afterward, there is no need to distinguish real im-
ages from the synthetic dataset in the accumulated dataset.
Additionally, even when images are unlabeled, labeling or
captioning each image can be easier than detecting synthetic
images or acquiring new data (Sharifzadeh et al. 2024; Lu
et al. 2023). By retaining as many real and realistic synthetic
images as possible in the filtered dataset, we aim to prevent
model collapse while adhering to a fixed training budget.



1.04 (-] |:| = ™ 1.0
4 Random Random
g 0.8 5 OLE o 0.81 OLE
3 © 3| —+ 1000 3 —— 1000
0.6 g~ —— 2000 5
g = @ 061 —— 2000
—— 5000
S 0.4 Q21 g —— 5000
= o =0.41
5 o I
Q 2 (] ] (]
0.01 Iz
—————————— 0 : ; : 0.0 . . .
01 2 3 4 5 6 2 4 6 2 4 6

Generations

(a) Generations vs. Confidence scores

Generations

(b) Average generation after filtering

Generations

(c) Ratio of real images after filtering

Figure 4: The effect of using confidence scores for filtering on MNIST dataset. (a) shows the generation number vs. distribution
of confidence scores of images sampled at this generation. Higher generation is correlated with lower confidence score, indicating
that they are less aligned with real images, hence providing a strong signal for filtering out unrealistic synthetic images. (b) shows
the average generation number within the dataset filtered by the confidence score. (¢c) Our method can also preserve more real
images in the training set. Using larger accumulated dataset for filtering can increase the ratio of selected real images. Compared
with randomly sampling from the accumulated dataset, our filtering method can preserve a distribution closer to real images.

Theoretical analysis. Following the same setting as in Theo-
rem 1, we next theoretically characterize the relation between
confidence scores and lower-dimensional structure of latent
representations. For samples from two classes C = {0, 1},
let the log-likelihood ratio for a sample representation h be

defined as g(h) = log %. Then, the posterior proba-
bility Pr[y = 1 | h] assigned by the Bayes optimal classifier
is given by ¢(g(h)), where ¢(+) denotes the Sigmoid function.
We define the expected confidence score for class 1, under

the distribution of class-1 samples, as:

£(0) == Enjy=1~n(0,3))[s(9(R))],

where ¢ € [0, 7] is the angle between subspaces spanned
by Uy and U, . Similar to Theorem 1, the following theorem
characterizes the relationship between the confidence score

and the degree of orthogonality between subspaces.

Theorem 2 (Upper bound of confidence score). The expected
confidence score satisfies the following:

€< 5073

1)

where r is the rank of Uy and U;. The proof is provided
in Appendix B. Note that the upper bound is monotonically
increasing in 6. As § — 0, the subspaces span(Up) and
span(U; ) become more aligned, making the two classes less
distinguishable. Consequently, the upper bound of the ex-
pected confidence score decreases, reflecting the reduced
separability between classes.

s(rsin? ),

5 Experiments

Datasets. We evaluate our approach by training DDPM dif-
fusion models (Ho, Jain, and Abbeel 2020) for conditional
image synthesis (Dhariwal and Nichol 2021) on three real-
world datasets: (i) MNIST (LeCun, Cortes, and Burges 2010):
A dataset of 60,000 grayscale handwritten digits across 10
classes, with image size 28 x 28. (ii) CIFAR-10 (Krizhevsky,
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Hinton et al. 2009): A collection of 60,000 32 x 32 RGB

images spanning 10 object categories. (iii) CelebA (Liu et al.

2015): A dataset of 200,000 celebrity face images, each an-

notated with 40 binary attributes’.

Baselines. For each dataset, we first train a baseline model

on the full dataset. We then iteratively fine-tune the model

for five self-consuming generations. Our method, ACU-LSF,
is compared with the following five baselines:

1. SYN: Each generation is trained purely on synthetic data

generated by the previous model.

SYN-ADD (Alemohammad et al. 2024a): A hybrid set-

ting where each generation’s training data consists of 70%

synthetic images and 30% newly added real images. The

30% proportion is chosen to approximate the average per-

centage of real images present in the accumulated datasets

over five generations.

. ACU (Gerstgrasser et al. 2024): Historical real and syn-
thetic data are accumulated across generations, resulting
in a linearly growing training set. A subset of real data is
sampled for accumulation in each generation, matching
the size of newly generated synthetic data.

. ACUR (Kazdan et al. 2024): A fixed-size subset is ran-
domly sampled from the accumulated dataset used in
ACU. This setting evaluates the impact of maintaining
a fixed training budget.

. ACUR-SIMS (Alemohammad et al. 2024b): This method
extrapolates the score function to enhance fidelity. At
generation k, the score function used for sampling is:

Sék) - wgék) (mtv t)a

2.

(@,1) = (1 +w)sy" (@0, t)

where §ék) (+) corresponds to the model trained with the
dataset constructed in the same way as ACUR, w is a
hyperparameter controlling the strength of extrapolation.

>We downsample each image to 64 x 64 and define 4 classes
based on the intersection of two attributes: “Male” and “Smile.”
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Figure 5: Performance comparison on MNIST and CelebA across three metrics: FID, precision, and recall. FID measures
distributional distance between real and synthetic images (lower is better), while precision and recall assess fidelity and diversity
of generated samples, respectively (higher is better). SYN suffers from model collapse. SYN-ADD partially alleviates it via fresh
real data. ACU, ACUR, and ACU-LSF maintain stable metrics across generations. ACU-LSF achieves lower FID and higher
fidelity than ACUR. ACUR-SIMS exhibits instability, while ACUR-SC suffers from reduced recall and elevated FID.

The synthetic dataset D) s sampled using this new score
function sék) ().

ACUR-SC (Gillman et al. 2024): This method clusters
real images to obtain class centers and maps each synthetic
image to the closest center during training. Besides, the
training set is constructed in the same way as ACUR.
Evaluation metrics. Each generation uses 1,000 samples for
fine-tuning (except ACU, which accumulates an additional
1,000 images per generation). Training is conducted for three
epochs per generation. After each generation, 10,000 images
are sampled to evaluate three standard metrics: (i) Fréchet In-
ception Distance (FID) (Heusel et al. 2017) which quantifies
the distance between real and synthetic image distributions.
(ii) Precision (Kynkddnniemi et al. 2019) which measures
how many synthetic samples fall on the real data manifold
(fidelity). (iii) Recall (Kynk&ddnniemi et al. 2019) which mea-
sures how many real samples fall on the synthetic manifold
(diversity). Note that lower FID and higher precision and
recall values indicate better generative performance. Samples
of synthetic images generated by self-consuming models are
provided in Fig. 7 (Appendix C) to show the model quality.
Results. We primarily present results for MNIST and CelebA
in Figure 5, while additional results for CIFAR-10 are pro-
vided in Appendix C. As expected, performance under
SYN deteriorates over generations due to model collapse.
SYN-ADD partially mitigates collapse by introducing fresh
real data. Prior work has shown that increasing the real-to-
synthetic ratio improves performance (Kazdan et al. 2024),
but collecting fresh real data may not always be feasible.
Our goal is to demonstrate that effective filtering without
requiring additional real data can offer comparable benefits.
ACU maintains stable performance across generations, in
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line with previous observations (Gerstgrasser et al. 2024). By
randomly sampling from the accumulated dataset, ACUR
approximates the performance of ACU while adhering to
a fixed training budget. As demonstrated in Figure 4, our
method ACU-LSF successfully removes recent synthetic im-
ages and retains more real images, resulting in a distribution
that more closely aligns with the original real data. Conse-
quently, ACU-LSF achieves comparable precision and recall,
and a lower FID than other fixed-budget baselines. Besides,
ACU retrains a diffusion model with 32 M parameters on 582
MB of CelebA data (5 K images at generation 5), and the cost
increases with training budget and generations. In contrast,
ACU-LSEF trains a 65 K-parameter probing classifier on 109
MB of features once at the start, greatly reducing storage and
computation.

In contrast, ACUR-SIMS and ACUR-SC perform less fa-
vorably, even when combined with accumulation. SIMS (Ale-
mohammad et al. 2024b) was designed to improve fidelity
within a single generation via extrapolation. However, over
multiple generations, its score functions become unstable due
to repeated extrapolation, potentially drifting further from the
real data distribution. As a result, metrics fluctuate and per-
formance deteriorates. ACUR-SC employs a self-correction
mechanism by aligning synthetic samples with cluster cen-
ters of real images. While this exploits structural information
from real data, it reduces sample diversity, leading to lower
recall and higher FID despite moderate precision.

Overall, our results demonstrate that LSF based on latent
representation quality is an effective alternative to adding real
data or accumulation, offering a scalable and practical solu-
tion to mitigate model collapse in self-consuming training.
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