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ABSTRACT

Due to their capacity to generate novel and high-quality samples, diffusion models
have attracted significant research interest in recent years. Notably, the typical
training objective of diffusion models, i.e., denoising score matching, has a closed-
form optimal solution that can only generate training-data replicating samples.
This indicates that a memorization behavior is theoretically expected, which
contradicts the common generalization ability of state-of-the-art diffusion models,
and thus calls for a deeper understanding. Looking into this, we first observe that
memorization behaviors tend to occur on smaller-sized datasets, which motivates
our definition of effective model memorization (EMM), a metric measuring the
maximum size of training data at which a model approximates its theoretical
optimum. Then, we quantify the impact of the influential factors on these memo-
rization behaviors in terms of EMM, focusing primarily on data distribution, model
configuration, and training procedure. Besides comprehensive empirical results
identifying the influential factors, we surprisingly find that conditioning training
data on uninformative random labels can significantly trigger the memorization
in diffusion models. Our study holds practical significance for diffusion model
users and offers clues to theoretical research in deep generative models.

1 INTRODUCTION

In the last few years, diffusion models (Sohl-Dickstein et al., 2015; Song & Ermon, 2019; Ho et al.,
2020; Song et al., 2021b) have achieved significant success across diverse domains of generative
modeling, including image generation (Dhariwal & Nichol, 2021; Karras et al., 2022), text-to-
image synthesis (Rombach et al., 2022; Ramesh et al., 2022), audio/speech synthesis (Kim et al.,
2022; Huang et al., 2023), graph generation (Xu et al., 2022; Vignac et al., 2022), and 3D content
generation (Poole et al., 2023; Lin et al., 2023). Substantial empirical evidence attests to the ability
of diffusion models to generate diverse and novel high-quality samples (Dhariwal & Nichol, 2021;
Nichol & Dhariwal, 2021; Nichol et al., 2021), underscoring their powerful capability of abstracting
and comprehending the characteristics of the training data.

Diffusion models posit a forward diffusion process {2 }+c[o, 7] that gradually introduces Gaussian
noise to a data point x, resulting in a transition distribution q(2¢|x) = N (2¢|asx, 0*I). The coeffi-
cients «; and o, are chosen such that the initial distribution go(2¢) aligns with the data distribution
P(x) while steering it towards an approximately Gaussian distribution g7 (zr). Sampling from the
data distribution P can then be achieved by reversing this process, for which a critical unknown term is
the data score V, log g¢(2¢) (Song et al., 2021b). Diffusion models approximate the data scores with a
score model sy( 2, t), which is typically learned via denoising score matching (DSM) (Vincent, 2011):
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given a dataset of NV training samples D £ {z,,|z,, ~ P(x)})_,. Interestingly, it is not difficult to
identify the optimal solution of Eq. (1) (assuming sufficient capacity of €, see proof in Appendix A.1):
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which, however, leads the reverse process towards the empirical data distribution, defined as p (z) =
% ZnN:1 0(x — x,,). Consequently, the optimal score model in Eq. (2) can only produce samples
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Figure 1: Overall motivation. Generated images (top row) and their {>-nearest training samples in
D (bottom row) by (a) the theoretical optimum defined in Eq. (2); (b) EDM (Karras et al., 2022).
Memorization Ratios (%) of EDM models trained with different |D| (c) within 4k training epochs;
(d) when extending to 40k training epochs.

that replicate the training data, as shown in Fig. la, suggesting a memorization behavior (van den
Burg & Williams, 2021).! This evidently contradicts the typical generalization capability exhibited
by state-of-the-art diffusion models such as EDM (Karras et al., 2022), as illustrated in Fig. 1b.

Such intriguing gap prompts inquiries into (i) the conditions under which the learned diffusion
models can faithfully approximate the optimum sj (essentially showing memorization) and (ii) the
influential factors governing memorization behaviors in diffusion models. Besides a clear issue of
potential adverse generalization performance (Yoon et al., 2023), it further raises a crucial concern
that diffusion models trained with Eq. (1) might imperceptibly memorize the training data, exposing
several risks such as privacy leakage (Somepalli et al., 2023b) and copyright infringement (Somepalli
et al., 2023a; Zhao et al., 2023). For example, Carlini et al. (2023) show that it is possible to extract a
few training images from Stable Diffusion (Rombach et al., 2022), substantiating a tangible hazard.

In response to these inquiries and concerns, this paper presents a comprehensive empirical study on
memorization behavior in diffusion models. We start with an analysis of EDM (Karras et al., 2022) on
CIFAR-10, noting that memorization tends to occur when trained on smaller-sized datasets, while re-
maining undetectable on larger datasets. This motivates our definition of effective model memorization
(EMM), a metric quantifying the maximum number of training data points (sampled from distribution
P) at which a diffusion model M demonstrates the similar memorization behavior as the theoretical
optimum after the training procedure 7. We then quantify the impact of critical factors on memoriza-
tion in terms of EMM, considering the three facets of P, M, and 7. Among all illuminating results,
we surprisingly observe that the memorization can be triggered by conditioning training data on com-
pletely random and uninformative labels. Specifically, using such conditioning design, we show that
more than 65% of samples generated by diffusion models trained on the 50k CIFAR-10 images are
replicas of training data, an obvious contrast to the original 0%. Our study holds practical significance
for diffusion model users and offers clues to theoretical research in deep generative models.

2 MEMORIZATION IN DIFFUSION MODELS

We start by examining the memorization in the widely-adopted EDM (Karras et al., 2022), which is
one of the state-of-the-art diffusion models for image generation. To determine whether a generated
image x is a memorized replica from the training data D, we adopt the criteria introduced in Yoon
et al. (2023), which considers x as memorized if its /2 distance to the nearest neighbor is smaller
than % of that to the second nearest neighbor in the training data. Here the factor % is an empirical
threshold as it accurately aligns human perception of memorization (Yoon et al., 2023). We train an

EDM model on the CIFAR-10 dataset without applying data augmentation (to avoid any ambiguity

'We also provide a theoretical analysis from the lens of backward process in Appendix A.2.
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regarding memorization) and evaluate the ratio of memorization among 10k generated images.
Remarkably, we observe a memorization ratio of zero throughout the entire training process, as
illustrated by the bottom curve in Fig. lc.

Intuitively, we hypothesize that the default configuration of EDM lacks the essential capacity to
memorize the 50k training images in CIFAR-10, which motivates our exploration into whether
expected memorization behavior will manifest when reducing the training dataset size. In particular,
we generate a sequence of training datasets with different sizes of {20k, 10k, 5k, 2k}, by sampling
subsets from the original set of 50k CIFAR-10 training images. We follow the default EDM training
procedure (Karras et al., 2022) with consistent training epochs on these smaller datasets. As shown in
Fig. 1c, when |D| = 20k or 10k, the memorization ratio remains close to zero. However, upon further
reducing the training dataset size to | D| = 5k or 2k, the EDM models exhibit noticeable memorization.
This observation indicates the substantial impact of training dataset size on memorization. Addition-
ally, we notice that the memorization ratio increases with more training epochs. To observe this, we
extend the training duration to 40k epochs, ten times longer than that in Karras et al. (2022). In Fig. 1d,
when |D| = 1k, the model achieves over 90% memorization. However, even with 40k training epochs,
the diffusion model still struggle to replicate a large portion of training samples when |D| = 5k.

Based on our findings, we seek to quantify the maximum dataset size at which diffusion mod-
els demonstrate behavior similar to the theoretical optimum, which is crucial in understanding
memorization behavior. To formalize this notion, considering a data distribution P, a diffusion
model configuration M, and a training procedure 7, we introduce the concept of effective model
memorization with the following definition:

Definition 1 (Effective model memorization). The effective model memorization (EMM) with respect
to P, M, T and parameter € > 0, is defined as:

EMM. (P, M, T) = max {E[RMem(DM, T >1-¢D~PD| = N}, 3)
where Ryjem refers to the ratio of memorization.

EMM indicates the condition under which the learned diffusion model approximates the theoretical
optimum and reveals how P, M, and T interact and affect memorization. Our definition assumes that
higher memorization ratio tends to occur on smaller-sized training datasets, which can be stated as:

Hypothesis 1. Given M, T and two training datasets D1 and Ds, both of which are sampled from
the same data distribution P, the ratio of memorization meets

Rntem (D1, M, T) > Ruem (D2, M, T) if Dy C Dy and Dy, Dy ~ P. 4)

Based on Hypothesis 1, we provide a viable way to estimate EMM. Specifically, we sample a
series of training datasets D1, Do, ..., with different sizes from the data distribution P, and then
train diffusion models with configuration M following the training procedure 7. Afterwards, we
evaluate the ratio of memorization Rytem (D1, M, T ), Rrem (D2, M, T), ..., and then determine
the size of training dataset D which meets that Rytem (D, M,T) ~ 1 — e. We note that it is
computational intractable to determine the accurate value of EMM. Therefore, we interpolate the
value of EMM based on two consecutive sampled datasets D;, D; 41 that Ryjem (Di, M, T) > 1 — ¢
and Rytem (Dit1, M, T) < 1 — e. Therefore, this study is formulated as how the above three factors
P, M, and T affect the measurement of EMM. There is no principal way to select the value of ¢, so
we set it as 0.1 based on our experiments in Fig. 1d throughout our study. Then we introduce our
basic experimental setup in Appendix B, which is a well-adopted recipe for diffusion models. We
highlight that compared to Karras et al. (2022), we run 10 times training epochs.

3 DATA DISTRIBUTION P

In the preceding section, we have illustrated the substantial impact of the size of training data on the
memorization in diffusion models and how we evaluate the value of effective model memorization
(EMM). We now proceed to investigate the influence of specific attributes of the data distribution
P on the EMM, focusing primarily on the dimensions and diversity of the data. We keep both the
model configuration M and the training procedure 7 fixed throughout this section.

3.1 DATA DIMENSION

As likelihood-based generative models, diffusion models could face challenges when fitting high-
resolution images, stemming from their mode-covering behavior as noted by Rombach et al. (2022).
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Figure 2: Memorization ratios (%) of different (a) data dimensions; (b) inter-diversity; (c) intra-
diversity. The intersections of dashed line (90%) and different curves are the estimates of EMMs.

To explore the influence of data dimensionality on the memorization tendencies of diffusion models,
we evaluate the EMMs on CIFAR-10 at various resolutions: 32 x 32, 16 x 16 and 8 x 8, where the latter
two are obtained by downsampling. Note that the U-Net (Ronneberger et al., 2015) seamlessly ac-
commodates inputs of different resolutions, requiring no modification of the model configuration M.

For each resolution, we sample a series of training datasets D with varying sizes and evaluate the
memorization ratios of trained diffusion models. As illustrated in Fig. 2a, we estimate the EMM for
each resolution by determining the intersection between the line of 90% memorization (dashed line)
and the memorization curve. The results reveal natural insights into the EMM with varying input
dimensions. Specifically, for the 32 x 32 input resolution, we observe an EMM of approximately 1k.
Transitioning to a 16 x 16 resolution, the EMM slightly surpasses 4k, while for the 8 x 8 resolution, it
reaches approximately 8k. Furthermore, even for |D| = 16k, the ratio of memorization still exceeds
60% when trained on 8 x 8 CIFAR-10 images. These results underscore the profound impact of data
dimensionality on the memorization within diffusion models.

3.2 DATA DIVERSITY

Number of classes. We consider four different data distributions by selecting C' € {1,2,5,10}
classes of images from CIFAR-10 and then evaluate the EMMs. While varying the data size |D|
during probing the EMMs, we ensure that each class contains an equal share of |D|/C' data instances.
The results of EMMs for different C' are shown in Fig. 2b. We find that as the number of classes
increases, diffusion models tend to exhibit a lower memorization ratio and a lower EMM, which is
consistent with the intuition that diverse data is harder to be memorized. Note, however, that this
effect is subtle, as evidenced by the nearly identical EMMs observed for C' = 5 and C' = 10.

Intra-class diversity. We also explore the impact of intra-class diversity, which measures variations
within individual classes. We conduct experiments with C' = 1, where only the Dog class of
CIFAR-10 is used. To control this diversity, we gradually blend images (scaled to a resolution of
32 x 32) from the Dog class in ImageNet (Deng et al., 2009) into the Dog class of CIFAR-10. We
introduce an interpolation ratio, denoted as « (« € [0, 1]), representing the proportion of ImageNet
data in the constructed training dataset. Notably, ImageNet’s Dog class contains 123 sub-classes,
indicating higher intra-class diversity compared to CIFAR-10. Consequently, a larger « corresponds
to higher intra-class diversity. As shown in Fig. 2c, an increased blend of ImageNet data results
in slightly lower EMM in the trained diffusion models. Similar to our experiments concerning the
number of classes, these results reaffirm that diversity contributes limitedly to memorization.

4 DIFFUSION MODEL CONFIGURATION M

In this section, we study the influence of different model configurations on the memorization tenden-
cies of diffusion models. Our evaluation encompasses several aspects of model design, such as model
size (width and depth), the way to incorporate time embedding, and the presence of skip connections in
the U-Net. Similar to previous sections, we probe the EMMs by training multiple models on training
data of different sizes from the same data distribution P, while keeping the training procedure 7 fixed.

4.1

Diffusion models are usually constructed using the U-Net architecture (Ronneberger et al., 2015). We
explore the influence of model size on memorization using two distinct approaches. First, we increase
the channel multiplier, thereby augmenting the width of the model. Alternatively, we raise the number
of residual blocks per resolution, as demonstrated by Song et al. (2021b), to increase the model depth.

MODEL SIZE
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Figure 3: Memorization ratios (%) of different (a) model widths; (b) model depths; (c) numbers of
residual blocks per resolution; (d) time embeddings.

Model width. We explore different channel multipliers, specifically {128,192, 256, 320}, while
keeping the number of residual blocks per resolution fixed at 2. As illustrated in Fig. 3a, it is evident
that as the model width increases in diffusion models, the EMMs exhibit a monotonic rise. Notably,
scaling the channel multiplier to 320 yields an EMM of approximately 5k, representing a four times
increase compared to the EMM observed with a channel multiplier set at 128. These results show the
direct relationship between model width and memorization in diffusion models.

Model depth. We vary model depth by adjusting the number of residual blocks per resolution (ranging
from 2 to 12), while maintaining a constant channel multiplier of 128. In contrast to the scenario of
varying model width, modifying model depth yields non-monotonic effects on memorization. As
present in Fig. 3b, the EMM initially increases as we scale the number of residual blocks per resolution
from 2 to 6. However, when further increasing the model depth, the EMM starts to decrease. To further
show this non-monotonic behavior, we visualize the relationship between the ratio of memorization

and the number of residual blocks per resolution in Fig. 3c. For training data with the sizes |D| = 1k
and 2k, the ratio of memorization reaches the peak at about 6 residual blocks per resolution.

We assess the above two approaches for scaling the model size of diffusion models. Model size
scales linearly when augmenting model depth but quadratically when increasing model width. With a
channel multiplier set to 320, the diffusion model encompasses roughly 219M trainable parameters,
yielding an EMM of approximately 5k. In contrast, with a residual block number per resolution set to
12, the model contains approximately 138M parameters, resulting in an EMM only ranging between
1k and 2k. Further increasing the model depth may encounter failures in training. Consequently,
scaling model width emerges as a more viable approach for increasing the memorization of diffusion
models. We conduct more experiments in Appendix C.1 to further confirm our conclusions.

4.2 TIME EMBEDDING

In our experimental setup (see Appendix B), we employ the model architecture of DDPM++ (Song
et al., 2021b; Karras et al., 2022), which incorporates positional embedding (Vaswani et al., 2017) to
encode the diffusion time step. In addition to positional embedding, Song et al. (2021b) used random
fourier features (Tancik et al., 2020) in their NCSN++ models. Therefore, we conduct experiments to
test both time embedding methods and assess their impact on memorization. As depicted in Fig. 3d, to
further support our conclusion, we consider two diffusion models with 2 and 4 residual blocks per res-
olution. We observe a significant decrease in the memorization ratio (and thus EMM) when using the
fourier features in DDPM++, highlighting the noteworthy effect of time embedding on memorization.
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Figure 4: Memorization ratio (%) when retaining (a) skip connections of certain spatial resolution for
DDPM++; (b) single skip connection at different locations for DDPM++; (c¢) skip connections of
certain spatial resolution for NCSN++; (d) single skip connection at different locations for NCSN++.

4.3 SKIP CONNECTIONS

We investigate the impact of skip connections, which are known for their significance in the success
of U-Net (Ronneberger et al., 2015), on the memorization of diffusion models. Specifically, in
our experimental setup (see Appendix B), the number of skip connections is 3(n + 1), where n
corresponds to the number of residual blocks per resolution. For each resolution, namely, 32 x 32,
16 x 16, 8 x 8, we establish n + 1 skip connections that bridge the output of the encoder to the input
of the decoder. To conduct our experiments, we set the size of training dataset |D| to 1k, and the
value of n to 2, resulting in a total of 9 skip connections in our model architecture.

Initially, we explore the influence of the quantity of skip connections on memorization. Intriguingly,
our observations reveal that even with a limited number of skip connections, the trained diffusion
models are capable of maintaining a memorization ratio equivalent to that achieved with full skip
connections, as demonstrated in Appendix C.2. This underscores the role of skip connection sparsity
as a significant factor influencing memorization in diffusion models, prompting our exploration of
the effects of specific skip connections. In the following experiments, we consider both DDPM++
and NCSN++ architectures in Song et al. (2021b); Karras et al. (2022). When utilizing full skip
connections, we observe that NCSN++ attains only approximately 25% memorization ratio, whereas
DDPM-++ achieves a memorization ratio exceeds 90%, all under the identical training dataset D.

Skip connection resolution. We narrow our examination to the inclusion of a selected number of
skip connections, specifically m = 1, 2, 3, all situated at a particular spatial resolution. The results,
illustrated in Fig. 4a and Fig. 4c, unveil notable trends. We note that different markers represent
distinct quantities of skip connections. Our observations reveal that skip connections situated at
higher resolutions contribute more significantly to memorization. Interestingly, we also find that an
increase in the number of skip connections does not consistently result in higher memorization ratio.
For instance, the DDPM++ model with m = 3 at a spatial resolution of 16 x 16 exhibits a lower
memorization ratio compared to cases where m = 1 or m = 2.

Skip connection location. Additionally, we retain a single skip connection but alter its placement
within the model architecture. As depicted in Fig. 4b and Fig. 4d, with the presence of just one skip
connection, DDPM++ can achieve a memorization ratio exceeding 90%, while NCSN++ attains
a memorization ratio surpassing 40%, provided that this single skip connection is positioned at a
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Batch Size 128 256 384 512 640 768 896
Learning rate (10~%) 0.5 1.0 1.5 2.0 2.5 3.0 3.5

|D| =1k | 89.52 90.87 91.52 92.09 9140 92.05 92.77
|D| =2k | 56.67 60.36 60.31 6093 62.61 6333 61.95

Rinem(%)

Table 1: Memorization ratios (%) of different values of batch size.

. Rmem(%) Rmem(%)
Weight decay |\ 11" |p| =2k EMA 1 pj =1k D] =2k

0 92.09 60.93 0.99929 | 92.09 60.93
1x107° 91.67 61.63 0.999 91.72 61.38
1x10* 92.47 61.03 0.99 91.45 59.27
1x10°3 92.11 58.39 0.9 90.16 58.31
1x 102 89.07 35.88 0.8 90.55 58.03
2x 1072 75.05 5.72 0.5 90.42 57.80
5 x 1072 13.79 0.03 0.2 90.81 60.50
8 x 1072 4.22 0.00 0.1 90.78 58.00
1x 101 1.33 0.00 0.0 90.19 59.20

Table 2: Memorization ratios (%) of different values of (left) weight decay; (right) EMA.

resolution of 32 x 32. This further reinforces that skip connections at higher resolutions play a more
substantial role in memorization of diffusion models.

5 TRAINING PROCEDURE T

In Sec. 2, we have demonstrated that the ratio of memorization increases with the progression of
training epochs, indicating the influence of training procedure 7 on memorization. Consequently, in
this section, we delve into the impact of various training hyperparameters.

Batch size. In light of prior research highlighting the substantial role of batch size in the performance
of discriminative models (Goyal et al., 2017; Keskar et al., 2016), we hypothesize that it may also
influence memorization in diffusion models. Therefore, we investigate a range of batch sizes, specif-
ically {128,256, 384,512, 640, 768,896}. Given that we maintain a constant number of training
epochs, we apply the linear scaling rule proposed by Goyal et al. (2017) to adjust the learning rate
accordingly for each batch size. More precisely, we ensure a consistent ratio of learning rate to batch
size, which is set at 2 x 10~* /512 based on our basic experimental setup. As indicated in Table 1, a
larger batch size correlates with a higher memorization ratio.

Weight decay. Weight decay is typically adopted to prevent neural networks from overfitting.
Memorization can be regarded as an overfitting scenario in terms of diffusion models. Motivated by
this, we explore its effect on memorization. In our basic experimental setup (see Appendix B), we
follow Ho et al. (2020); Song et al. (2021b); Karras et al. (2022) to set a zero weight decay. Now we
set different values of weight decay and show the memorization results in Table 2. Consequently,
we find that when weight decay is ranged between 0 ~ 1 x 1073, it has subtle contribution to
memorization. When further increasing the value, the memorization ratio drastically decreases.

Exponential model average. EMA was shown to effectively stabilize Fréchet Inception Distances
(FIDs) (Heusel et al., 2017) and remove artifacts in generated samples (Song & Ermon, 2020). It is
widely adopted in current diffusion models (Ho et al., 2020; Dhariwal & Nichol, 2021; Karras et al.,
2022). Motivated by this, we explore its effect on memorization. Previously, we fix the EMA rate
as 0.99929 after the warmup following Karras et al. (2022). As present in Table 2, we investigate
the memorization of diffusion models with varying EMA rates, from 0.0 to 0.99929. Different from
FIDs, we observe that the EMA values contribute limitedly to the memorization.

6 UNCONDITIONAL V.S. CONDITIONAL GENERATION

Karras et al. (2022) showed that conditional EDM models typically yield lower FIDs than their
unconditional counterparts on the CIFAR-10 dataset. This observation motivates us to investigate
whether the input condition also exerts an influence on the memorization of diffusion models. It is
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Figure 5: Memorization ratios (%) of (a) unconditional diffusion models and conditional diffusion
models with true labels or random labels; (b) conditional diffusion models with random labels of differ-
ent C'; (c) conditional diffusion models with random labels of different C' at |D| = 5k during the train-
ing; (d) conditional EDM with unique labels and unconditional EDM at |D| = 50k during the training.

worth noting that to train conditional diffusion models, we slight change M by incorporating a class
embedding layer and adjust 7 through modifications of the training objective. We show the training
objective of class-conditioned diffusion models and its optimal solution in Appendix A.3.

Class condition. As depicted in Fig. 5a, we note that class-conditional diffusion models exhibits
a higher memorization ratio compared to their unconditional counterparts. Consequently, class-
conditional diffusion models tend to have larger EMMs. We hypothesize that this observation is
attributed to the additional information introduced by the inclusion of class labels.

Random class condition. To validate the hypothesis put forth above, we substitute the true class
labels with random labels. Intriguingly, we find that the memorization of diffusion models with
random labels remains at a similar level to that of models with true labels. This contradicts our
previous hypothesis, as random labels are uninformative regarding training images. These results
align with earlier research in the realm of discriminative models, e.g., Zhang et al. (2017), which
suggests that deep neural networks can memorize training data even with randomly assigned labels.

Number of classes. When employing random labels as conditions, the number of classes C' is not
restricted to 10 in CIFAR-10. Therefore, we manipulate the choices of C' for random labels and then
observe their effects on memorization ratios, as present in Fig. 5b. Initially, we compare Fig. 5a and
Fig. 5b, revealing that unconditional diffusion models and conditional models with C' = 1 maintain
similar memorization ratios. However, a discernible trend emerges as we introduce more classes,
with diffusion models exhibiting increased memorization. Intriguingly, with a size of training dataset
|D| = 5k, even starting at a modest 10% memorization ratio for C' = 1, conditional diffusion models
can attain over 90% memorization ratio with C' = 1k random labels. Based on these observations,
we conclude that the number of classes significantly influences EMMs of diffusion models.

Unique class condition. Finally, we consider an extreme scenario where each training sample
in D is assigned a unique class label, which can be regarded as a special case of C' = 5k. We
compare the memorization ratios of this unique class condition and other C' values during the training
progression of conditional diffusion models, as illustrated in Fig. 5c. Notably, within just 8k epochs,
the diffusion model with unique labels achieves a memorization ratio of more than 95% (more
results on smaller-sized datasets are included in Appendix C.3.). Inspired by this, we extend this
condition mechanism to encompass the entire CIFAR-10 dataset, which contains |D| = 50k samples.
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It is worth noting that we train an EDM model Karras et al. (2022) to facilitate a comparison with
our initial observations in Section 2. As illustrated in Fig. 5d, the unconditional EDM maintains a
memorization ratio of zero throughout the training process even extending it to 12k training epochs.
However, upon conditioning on the unique labels, we observe a notable shift on memorization. The
trained conditional EDM achieves more than 65% memorization ratio within 12k training epochs, a
significant increase compared to its previous performance. We also visualize the generated images by
these two models in Appendix C.3 to further validate their memorization behaviors. These results
imply that with unique labels, the training samples become strongly associated with their input
conditions, rendering them more readily accessible during the generation process when the same
conditions are applied.

7 MORE RELATED WORK

Memorization in discriminative models. For discriminative models, memorization and general-
ization have interleaving connections. Zhang et al. (2017) first demonstrated that deep learning
models can memorize the training data, even with random labeling, but generalize well. Additionally,
Feldman (2020); Feldman & Zhang (2020) showed that this memorization is necessary for achieving
close-to-optimal generalization under long-tailed assumption of data distribution. In the follow-up
works, Baldock et al. (2021); Stephenson et al. (2021) showed that memorization predominately
happens in the deep layers while Maini et al. (2023) argued that memorization is confined to a few
neurons across various layers of deep neural networks. Although discriminative models can largely
memorize training data, this phenomenon does not apply to diffusion models. For instance, Zhang
et al. (2017) showed that the Inception v3 model (Szegedy et al., 2016) with under 25M trainable
parameters can almost memorize the ImageNet dataset (Deng et al., 2009) with approximately 1.28M
images. However, the EDM model (about 56M parameters) (Karras et al., 2022) can not memorize
even the CIFAR-10 dataset with 50k images as present in Section 2. From another view, Bartlett
et al. (2020); Nakkiran et al. (2020) showed that over-parameterized models generalize well to real
data distribution and even perfectly fit to the training dataset, which is called benign overfitting.
Nevertheless, diffusion models demonstrate adverse generalization performance (Yoon et al., 2023).

Memorization in generative models. Concurrently, Somepalli et al. (2023a); Carlini et al. (2023)
investigated a range of diffusion models and demonstrated that they memorize a few training samples
and replicate them globally or in the object level during the generation. For instance, Carlini et al.
(2023) identified only 50 memorized training images from 175 million generated images by Stable
Diffusion (Rombach et al., 2022) and extracted 200 ~ 300 training images from 22° generated
images by DDPM and its variant (Ho et al., 2020; Nichol & Dhariwal, 2021). This highlights the
memorization gap between empirical diffusion models and the theoretical optimum defined in Eq. (2).
Somepalli et al. (2023a;b) showed that training data duplication and text conditioning play significant
roles in the memorization of diffusion models from empirical study. However, these conclusions are
mostly derived from text-to-image diffusion models. The nature of memorization in diffusion models,
especially for unconditional ones, remains unexplored. Apart from diffusion models, there are several
studies researching towards memorization in Generative Adversarial Networks (GANs) (Webster
etal., 2021; Feng et al., 2021), and language models (Carlini et al., 2021; 2022).

8 CONCLUSION

In this study, we first showed that the theoretical optimum of diffusion models can only replicate
training data, representing a memorization behavior. This contracts the typical generalization ability
demonstrated by state-of-the-art diffusion models. To understand the memorization gap, we found
that when trained on smaller-sized datasets, learned diffusion models tend to approximate the theoret-
ical optimum. Motivated by this, we defined the notion of effective model memorization (EMM) to
quantify this memorization behavior. Afterwards, we explored the impact of critical factors on memo-
rization through the lens of EMM, from the three facets of data distribution, model configuration, and
training procedure. We found that data dimension, model size, time embedding, skip connections, and
class conditions play significant roles on memorization. Among all illuminating results, the memo-
rization of diffusion models can be triggered by conditioning training data on completely random and
uninformative labels. Intriguingly, when incorporating such conditioning design, more than 65% of
samples generated by diffusion models trained on the entire 50k CIFAR-10 images are replicas of train-
ing data, in contrast to the original 0%. We believe that our study deepens the understanding of memo-
rization in diffusion models and offers clues to theoretical research in the area of generative modeling.
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REPRODUCIBILITY STATEMENT

Code submission. Our submission encompasses PyTorch code to reproduce our experiments. We
refer the interested readers to README . md to check how to install the code environments and
run our experiments. Specifically, we provide scripts to reproduce our results in all figures and
tables in the main paper. We borrow the code from the opensourced repo of EDM at https:
//github.com/NVlabs/edm.
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A OPTIMAL SOLUTION OF DIFFUSION MODELS

A.1 DERIVATION OF THE THEORETICAL OPTIMUM

In this section, we prove the close form of optimal score model defined in Eq. (2). Firstly, the
empirical denoising score matching (DSM) objective has been shown to be:

N 2
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Tosm(0) = N 7; Eifo,11Eenr(0,1) l)\(t) sg(2e,t) + o 2] 5
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Compared to Eq. (1), we add a positive weighting function A(¢) > 0, which is normally used in the

training of diffusion models (Song et al., 2021b). Since z; = oy, + o€, we have € = —%ﬁ‘zf

Therefore, the derivative of € w.r.t. z; is de = %. Then
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To minimize the empirical DSM objective Jpsm(#), we can minimize Jpsm (8, 2, t) given each z;
since A(t) > 0. The minimization of Jpsm(8, 2, t) is a convex optimization problem, which can be
solved by taking the gradient w.r.t. sg(z¢,t):
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The optimal diffusion model can be written
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where S refers to the softmax operation.

Given the existence of theoretical optimum, we find that the empirical DSM objective can be rewritten
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value without involvement of the trained diffusion model #. The above equation holds since
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This equivalence shows that diffusion models are trained to approximate the theoretical optimum.

In Karras et al. (2022), the authors have derived the optimal denoised function, while in Yi et al.
(2023), the authors provided the closed form of the optimal DDPM (Ho et al., 2020). Therefore, we

show the equivalence of our Eq. (2) with the above two forms.

For DDPM, which is trained under noise prediction objective, Kingma & Gao (2023) gave the

transformation between the two parameterizations:
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In DDPM (Ho et al., 2020), the forward process is defined as z; = /a;x + /1 — @e, so the closed
form for optimal DDPM is
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which is the same as Theorem 2 in Yi et al. (2023).
For denoised function, which is trained under data prediction objective, Kingma & Gao (2023) gave:
—aD t
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O
Therefore, the optimal denoised function can be represented as
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In EDM (Karras et al., 2022), the forward process is defined as z; = x + o€, so the closed form for
optimal denoised function is:
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which is the same as Eq. (57) in Karras et al. (2022).

A.2 BACKWARD PROCESS OF THE OPTIMAL DIFFUSION MODEL

We analyze the memorization behavior of the optimal diffusion model s} (z;,t) defined in Eq. (2)
through the lens of backward process. As shown in Kingma et al. (2021), the backward process of
our defined diffusion models is governed by the following stochastic differential equation (SDE):

dzy = [f(t)zt — g2(t)80(2t,t):| dt + g(t)dWy, (32)
where W; is a standard Brownian motion, and f(¢) and g(t) follow
_dlogay 5, do} _dlogoy

Besides the SDE, Song et al. (2021b) showed that there exists an ordinary differential equation (ODE)
for deterministic backward process

dz = [f(t)zt - 292@)89(%@] dt. (34)

We first show how to adopt the above ODE to generate samples using the optimal score model defined
in Eq. (2). Specifically, we sample multiple time steps 0 =ty < £ =t < ... < t, =T, where
refers to a small value closed to 0 and 7' > 0 represents the maximum time step. For simplicity, we
consider Euler solver, and then we have the following update rule
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Then we have
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For tg = 0, we know that oy = 1 and oy = 0. 2 refers to the generated samples, and we have
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From the above equation, we conclude that the generated samples by the optimal diffusion model are

the linear combinations of training samples in D.

Next, we consider a discrete distribution, and suppose z = %5, then
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lim zp = gllfgg Ep(z=z,.¢) [2] = NN1(z, D). (53)

=0+t

From the above analysis, we conclude that when ¢; = £ is closed to 0, the probabilistic ODE solver
returns a training sample in D.

Next, we consider an SDE solver, then the update rule is
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where € ~ A/(0, 1) is a Gaussian noise. Similarly, we consider the update step at tg = 0
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To summarize, through our analysis, we find that the optimal diffusion model always replicates
training data through the backward process.

A.3 OPTIMAL CLASS-CONDITIONED DIFFUSION MODEL

In the above, we provide the derivation of the optimal diffusion model for unconditional generation
under the assumption of empirical data distribution x ~ % 25:1 d(x — x,,). Next, we consider the

scenario of class-conditional generation. The dataset can be represented as D £ {z,,, yn Ny €
{1,2,...,C}, where C is the number of classes. Then the empirical joint distribution of data and

label is 7,y ~ & SN §(z — 2,)0(y — yn).

For class-conditional generation, the empirical DSM objective is written

N 2
1 €
Tosm(0) = 737 > Eue lx(w so(auzn + 016, yns ) + 1 (59)
n=1 2
C N.

€
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2
21 ’
where ¢, refers to the n-th sample with class label ¢, and N, represents the number of class label c.

Similarly, by taking the gradient w.r.t. s¢(z¢, ¢, t), we derive the optimal class-conditioned diffusion
model for each class condition ¢
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B IMPLEMENTATION DETAILS OF OUR BASIC EXPERIMENTAL SETUP

We introduce our basic experimental setup as follows.

Data distribution. Most of our experiments are conducted on the CIFAR-10 dataset, which consists
of 50k RGB images with a spatial resolution of 32 x 32. CIFAR-10 has 10 classes, each of which has
5k images. When modifying the intra-diversity of data distribution, we blend several images from the
ImageNet dataset (Deng et al., 2009) to construct training datasets. In our study, we disable the data
augmentation to prevent any ambiguity regarding memorization.

Model configuration. We consider the baseline VP configuration in Karras et al. (2022).” The model
architecture is DDPM++, which is based on U-Net (Ronneberger et al., 2015). As our basic model,
we select the number of residual blocks per resolution in the U-Net as 2 instead of 4 in original
implementations. The channel multiplier is 128, resulting in 256 channels at all resolutions of 32 x 32,
16 x 16, and 8 x 8. The time embedding is positional encoding (Vaswani et al., 2017). Consequently,
our basic model has 35M trainable parameters, which is close to that in DDPM (Ho et al., 2020).

Training procedure. Our diffusion models are trained using Adam optimizer (Kingma & Ba, 2014)
with a learning rate of 2 x 10~* and a batch size of 512. The training duration is 40k epochs, while it
is 4k epochs in Karras et al. (2022). It is worth mentioning that for different training sizes, the number
of training epochs is the same. Therefore, for smaller training datasets, the number of total training
steps will be smaller. This setup ensures that the frequency of each image being drawn during the
training procedure is the same. We schedule the learning rate and EMA rate similar to Karras et al.
(2022) but in an epoch-wise manner. In the first 200 epochs, we warm-up the learning rate and the
EMA rate with the increase of training iterations. Afterwards, the learning rate is fixed to 2 x 10~4
and the EMA rate is fixed to 0.99929. All experiments were run on 8 NVIDIA A100 GPUs.

We follow the backward process in Karras et al. (2022) to generate images to compute the memoriza-
tion metric. To decide appropriate sample size, we first train two diffusion models according to our
basic experimental setup at |D| = 1k and |D| = 2k. Afterwards, we generate 50k images by each
model and then bootstrap different number of samples to compute memorization ratios. As present
in Fig. 6, we find that the ratio of memorization has a negligible variance when sample size more
than 10k images. Therefore, we generate 10k images throughout this study. We report the highest
memorization ratio during the training process.

We run the training configuration C in Karras et al. (2022) after adjusting hyper-parameters and redistributing
capacity compared to Song et al. (2021b).
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We also evaluate the variance of memorization ratios across multiple trials. Specifically, we run a
pair of experiments focused on data distribution, primarily by altering the number of classes. We
set the training data size as |D| = 1k and the number of classes as C' = 2, 5, and then execute each
experiment over three distinct random seeds. Consequently, the memorization ratio for C' = 2 stands
at 94.59 4+ 0.19%, whereas for C' = 5, it is recorded at 92.32 == 0.14%. It is noticed that the variance
of memorization ratios is less than 0.2%, which is insignificant. Considering this minimal fluctuation
and difficulty for repeating all experiments, we run each experiment once in the main paper.

C MORE EMPIRICAL RESULTS ON CIFAR-10

C.1 MODEL SIZE

Model width. We investigate the influence of different channel multipliers, specifically exploring
the values from {64, 96, 128, 160, 192, 224, 256}. We also consider two scenarios for the number of
residual blocks per resolution: 2 and 4. As illustrated in Fig. 7a, when |D| = 2k, we observe a con-
sistent and monotonic increase in the memorization ratio as the model width grows. This observation
aligns with the conclusions drawn in Sec. 4.1. Furthermore, we provide a dynamic view of the memo-
rization ratios during the training process in Fig. 7c and Fig. 7e. It is worth noting that wider diffusion
models consistently exhibit higher levels of memorization throughout the entire training process.

Model depth. We delve into the impact of varying numbers of residual blocks per resolution,
considering values in the range of {2,4,6,8,10}. We maintain two different channel multiplier
values, specifically 128 and 256, and set the training data size |D| = 2k. The results, as presented
in Fig. 7b, confirm the non-monotonic effect of model depth on memorization. . When the channel
multiplier is set to 256, the curve depicting the relationship between memorization ratio and the
number of residual blocks per resolution exhibits multiple peaks. To gain a better understanding of
this non-monotonic effect, we visualize the training process in Fig. 7d and Fig. 7f. Occasionally,
deeper diffusion models yield lower memorization ratios than shallower ones throughout the whole
training process. It is noteworthy that when both model width and depth are set large values (e.g., the
number of residual blocks per resolution is 8 and the channel multiplier is 256), the memorization of
the diffusion model also demonstrates non-monotonic characteristics.

C.2 SKIP CONNECTIONS

We employ DDPM++ (Song et al., 2021b; Karras et al., 2022) to explore the influence of skip
connection quantity on memorization. Specifically, we consider retaining m = 1,3,5,7,8,9 skip
connections. To keep the costs tractable, we randomly select five distinct combinations of skip
connections for each specific m. Our findings, depicted in Fig. 8a, illustrate a consistent memorization
ratio for larger values of m, whereas a considerable degree of variance is observed for smaller values
of m. Notably, when m = 1, the memorization ratio exhibits substantial variability, spanning a range
from approximately 0% to over 90%.

In addition to remaining specific skip connections at different resolutions in the main paper, we also
investigate the effect of selectively deleting certain skip connections at varying resolutions. As present
in Fig. 8b, when deleting one or two skip connections at any spatial resolution, the memorization ratios
consistently remain above 90%. It is noteworthy that the memorization ratio only falls below 90%
when three skip connections are deleted at the resolution of 32 x 32. These findings further confirm
the pivotal role played by skip connections at higher resolutions on memorization of diffusion models.

C.3 UNCONDITIONAL V.S. CONDITIONAL GENERATION

We compare the memorization ratios of unconditional diffusion models, conditional diffusion models
with true labels, and conditional diffusion models with unique labels. As summarized in Table 3, it is
noticed that with unique labels as class conditions, the trained diffusion models can only replicate
training data as the memorization ratios achieve close to 100% when |D| < 5k. Additionally, we
visualize the memorization ratios of diffusion models during the training in Fig. 9, which reaffirms
that the diffusion models with unique labels as input conditions memorize training data quickly.
Typically, they can achieve more than 90% memorization ratios within 8k training epochs.
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Figure 7: At the size of training data |D| = 2k, memorization ratio (%) with (a) varying model widths
under 2 or 4 residual blocks per resolution; (b) varying model depths under the channel multiplier
as 128 or 256; (c) varying model widths under 2 residual blocks per resolution during the training;
(d) varying model depths under the channel multiplier as 128 during the training; (e) varying model
widths under 4 residual blocks per resolution during the training; (f) varying model depths under the
channel multiplier as 256 during the training.
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| [D|=1k |D|=2k [D|=3k |D|=4k |D|=>5k

Unconditional 92.09 60.93 34.60 17.12 9.00
Conditional (true labels) 96.59 79.46 55.62 37.59 23.00
Conditional (unique labels) 100.00 99.88 99.89 99.57 99.66

Table 3: Memorization ratios (%) of unconditional / conditional (with true labels) / conditional (with
unique labels) diffusion models.
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Figure 9: Memorization ratios (%) of unconditional / conditional (with true labels) / conditional
(with unique labels) diffusion models during the training at the training data size (a) |D| = 2k; (b)
|D| = 3k; (¢) |D| = 4k; (d) |D| = 5k.

Finally, when trained on the entire CIFAR-10 dataset, i.e., |D| = 50k, the memorization ratio of
conditional EDM with unique labels achieves more than 65% within 12k training epochs, as present
in Fig. 5d. However, its unconditional counterpart still maintains a zero value of memorization
ratio. To further demonstrate this memorization gap, we visualize the generated images and their
£o-nearest training samples in D by the above two models in Fig. 10. It is noticed that the conditional
EDM with unique labels replicate a large proportion of training data while the unconditional EDM
generates novel samples.

D MORE EMPIRICAL RESULTS ON FFHQ

In the extended scope of our research, beyond the CIFAR-10 dataset referenced in the main paper, we
incorporate the experiments on the FFHQ dataset (Karras et al., 2019). The FFHQ dataset comprises
70k RGB images of human faces with an original resolution of 1024 x 1024. We down-sample
these images to a resolution of 64 x 64 following Karras et al. (2022) to conduct our experiments.
Compared to the basic experimental setup delineated in Appendix B, we adjust the batch size from
512 to 256. Additionally, the employed U-Net has 128 channels at the resolution of 64 x 64, and 256
channels at the resolutions of 32 x 32, 16 x 16, and 8 x 8.
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Figure 10: Generated images (top three rows) and their /5-nearest training samples in D (bottom
three rows) by (a) the conditional EDM with unique labels (b) the unconditional EDM.
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Figure 11: Memorization ratio (%) of (a) different data dimension; (b) different time embeddings; (c)
different numbers of classes for random labels; (d) unconditional diffusion models and conditional
diffusion models with unique conditions.
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D.1 DATA DIMENSION

We investigate the influence of data dimension on the memorization of diffusion models, particularly
those trained using the FFHQ dataset. Specifically, we evaluate various resolutions: 64 x 64, 32 x 32,
16 x 16, with the latter two resolutions achieved by downsampling. We keep the model configurations
and training procedure the same. As shown in Fig. 11a, for the 64 x 64 input resolution, we observe
an EMM between 500 and 1k. While for the 32 x 32 input resolution, the EMM is close to 4k.
Furthermore, when input resolution is 16 x 16, the memorization ratio is still above 90% even for
|D| = 8k. The EMM is estimated to be between 8k and 10k. These results further indicate the
significance of data dimensionality on the memorization within diffusion models.

D.2 TIME EMBEDDING

We conduct experiments to compare two distinct time embedding methods within the model structure
of DDPM++(Song et al., 2021b; Karras et al., 2022): positional embeeding (Vaswani et al., 2017)
and random fourier features (Tancik et al., 2020). As illustrated in Fig. 11b, by varying training data
size |D|, there is notable decline in the memorization ratio when employing random fourier features
for time embeddings in the DDPM++ model, which reconfirms our conclusions in the main paper.

D.3 UNCONDITIONAL V.S. CONDITIONAL GENERATION

In the main paper, we demonstrated the significant contributions of random labels to memorization
within diffusion models. To further substantiate these findings, we conduct additional experiments
using the FFHQ dataset. We note that FFHQ has no ground truth class labels for each image, so we
only consider random labels and unique labels in our experimental design. Firstly, we construct a
training dataset with |D| = 2k. Subsequently, the number of classes C, for random labels, is varied
within the set {1, 10, 50, 100, 200, 400, 2000}. Afterwards, we train conditional diffusion models on
these training data of different random labels. As demonstrated in Fig. 11c, the memorization ratio
for C' =1 (equivalent to the unconditional scenario) approximates to only 20%. However, it achieves
over 90% with an increase in C' to 400. Additionally, we conduct another experiment to investigate
the effects of unique labels. As visualized in Fig. 11d, when unique labels are provided as conditions
to diffusion models, the memorization ratio still exceeds 90% at a training data size of |D| = 5k.
In contrast, for unconditional diffusion models, the memorization ratio diminishes even below 90%
when |D| = 1k. To summarize, these findings show that the number of classes for random labels
plays a pivotal role in the memorization of diffusion models, thus aligning with our earlier results
derived from experiments on the CIFAR-10 dataset.

E DISCUSSIONS ON MEMORIZATION CRITERIA

In this section, we aim to corroborate our findings regarding memorization of diffusion models by
incorporating alternative memorization metrics. The memorization ratio, as defined in the main paper,
can be formally articulated as follows

N/
1 25, NN (27, D), _ 1
Rotem = — S 1(1En - 3”7 o
Me N’ Z (||x§“ NN (27, D)ll, - 3) o

n=1
where I is an indicator function, NN (z/,, D) is the j-th nearest training sample of z/, in D, and N’
is the number of generations sampled by the diffusion model.

We also consider the KNN distance used in Carlini et al. (2023) as a surrogate memorization metric:

N/
1
Riten = 777 2_ 15 NN (27, D), (62)

n=1

It is noticed that when memorization ratio is high or KNN distance is low, the diffusion models feature
memorizing more on the training data. Afterwards, we re-evaluate our results in the main paper by
using the KNN distance as memorization metric. The results are shown as below. We notice that
these new results are in alignment with our original conclusions using the memorization ratio metric.
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Figure 12: KNN distances of different (a) data dimensions; (b) inter-diversity; (c) intra-diversity.
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Figure 13: KNN distances of different (a) model widths; (b) model depths; (c) time embeddings.
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Figure 14: KNN distances of (a) unconditional diffusion models and conditional diffusion models

with true labels or random labels; (b) conditional diffusion models with random labels of different C';
(¢) conditional EDM with unique labels and unconditional EDM at |D| = 50k during the training.

Learning rate (10~%) 0.5 1.0 1.5 2.0 2.5 3.0 3.5

735 673 651 635 651 640 6.30
1543 1492 1488 1477 1453 1412 14.57

Batch Size ‘ 128 256 384 512 640 768 896

ID| =1k

KNN distance ID| =2k

Table 4: KNN distances of different values of batch size.

KNN distance KNN distance

Weight decay | p _1k D] =2k EMA 1 p -1k D) =2k

0 6.35 14.77 0.99929 |  6.35 14.77
1x10°° 6.45 14.63 0.999 6.44 14.58
1x1074 6.42 15.29 0.99 6.51 15.21
1x10-3 7.32 16.99 0.9 7.02 15.39
1 x 1072 9.99 23.40 0.8 7.03 15.54
2% 1072 14.17 33.11 0.5 7.11 15.04
5x 1072 26.69 38.73 0.2 7.03 14.83
8 x 1072 33.41 39.99 0.1 6.90 15.08
1x107! 34.44 39.51 0.0 7.08 14.59

Table 5: KNN distances of different values of (left) weight decay; (right) EMA.
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caption | |D| =100 [D| =200 |D| =500

plain 18.89 16.60 3.19
class 44.65 33.32 29.24

Table 6: Memorization ratio (%) of stable diffusion.

F MORE EMPIRICAL RESULTS ON STABLE DIFFUSION

In the extended scope of our research, beyond unconditional diffusion models and class-conditioned
diffusion models, we incorporate the experiments on state-of-the-art text-to-image diffusion
models, stable diffusion (Rombach et al., 2022). As it is computationally intractable to train stable
diffusion from scratch, we opt to fine-tune the U-Net in stable diffusion on customized training data,
Artbench-10 dataset (Liao et al., 2022)

Data distribution and conditioning. The Artbench-10 is an artwork image dataset with class-balance,
high quality as well as clean annotation. It comprises 70k images with 10 categories, each of which rep-

CLIT3 EEIT3

resents the artistic style of image. The styles include “art nouveau”, “baroque”, “expressionism”, “im-
pressionism”, “post impressionism”, “realism”, “renaissance”, “romanticism”, “surrealism”, “ukiyo
e”. In our experiments, the image resolution is specified as 256 x 256. Similar to our experiments
on CIFAR-10 and FFHQ, we disable all data augmentation. We consider two types of text prompts
as conditions. For the first type, we consider “a painting” as text prompt for all images. We mark
this type as “plain” conditioning. Alternatively, we provide the label of artist style in the text prompt,

e.g. “an art nouveau painting” and “a realism painting”, which we mark as “class” conditoning.

Model configuration. Stable diffusion (Rombach et al., 2022) includes a image encoder, a image
decoder, a unet, and a text encoder. The image encoder is used to encode images into latent
representations while the decoder reconstructs images from the latent. The unet plays a role as
the latent diffusion model conditioning on text embeddings. Before fine-tuning the model on the
Artbench-10 dataset, we load the model weights from pre-trained stable diffusion’.

Training procedure. During the fine-tuning, we only train the unet in stable diffusion and freeze the
model weights of image encoder/decoder and text encoder. We adopt a learning rate of 1 x 104
with cosine learning rate schedule and weight decay of 1 x 10~5. The batch size is set as 16 and the
gradient accumulation step is set as 4. For each training dataset D, we enable the EMA and fine-tune
the stable diffusion for 10k epochs.

We follow the pipeline of DDIM (Song et al., 2021a) with 50 steps to sample 10k images from
fine-tuned stable diffusion. During the generation, we disable the safety checker to prevent generating
black images. For “plain” conditioning, we use the text prompt “a painting”. While for “class”
conditioning, we sample 1k images for each artistic style.

As shown in Table 6, we compare two distinct types of text prompts conditioning under training
data with different sizes |D|. Firstly, we observe that although stable diffusion was pretrained on
billions of images, it is still prone to memorize training data when fine-tuning it on customized data.
Secondly, it is noticed that with the increase of |D|, the memorization ratio drops. Furthermore,
the memorization ratio of diffusion model fine-tuned on “class” conditioning data is much higher
than that on “plain” conditioning data. To explain this, “class” conditioning is similar to the case of
number of classes C' = 10 in class-conditioned diffusion model while “plain” conditioning is similar
to the case C' = 1. Therefore, our results on stable diffusion remain consistent with our observations
on the CIFAR-10 and FFHQ datasets.

*https://huggingface.co/lambdalabs/miniSD-diffusers
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