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A APPENDIX

A.1 SCOPE AND CONTRIBUTIONS

Scope:

The scope of our paper focuses on:

• Frameworks for responsible dataset development. Our work focused on the frameworks
for responsible dataset development to provide guidelines and principles to ensure that data
collection methods are transparent, fair, and respectful of privacy.

• Audits of existing datasets. Audits of existing datasets also play a crucial role in ensuring
copyright protection. These audits examine the origin and usage rights of the data within the
dataset, verifying that the data has been obtained and used in compliance with copyright
laws and regulations.

• Identifying significant problems with existing datasets and their use.

Contributions:

The contributions of our paper are summarized as follows:

• We introduce the CPDM dataset, which contains 21,000 images, with 2,100 anchor images
and 18,900 generated images. It includes 1,500 images in the style category, 200 in
the portrait category, 200 in the artistic creation figure category, and 200 in the licensed
illustration category.

• The dataset is open-source and accessible to anyone, with long-term maintenance and
updates. The link can be found at A.2.

• An open-source project website has been established, providing instructions on dataset usage
and a comprehensive guide to the dataset generation process. The public is encouraged to
participate and contribute new samples to the dataset on an individual basis. The project
homepage can be found at zhouq.net and will gradually improve over time.

• The increasing global popularity of AIGC highlights the importance of privacy and copyright
issues. AI companies such as OpenAI have responded to concerns around data security. At
the national level, the US has proposed a new government agency in charge of approving
large-scale AI models. Furthermore, the Chinese Cyberspace Administration has published
a document emphasizing AIGC security issues. Therefore, the introduction of the CPDM
dataset and benchmark, as the first dataset based on diffusion models, serves as a positive
catalyst for the development of copyright protection in the AIGC era.

A.2 DATASET HOSTING AND MAINTENANCE

Public access and download links to the CPDM dataset are provided through the webpage:
http://149.104.22.83/unlearning.tar.gz. It contains .jpg or .png files of all images and corresponding
Prompt files, as well as generated infringing images. Publicly available code to provide reference code
for using the dataset and computing the evaluation metrics will be released at https://github.com/###.
The code repository additionally includes code to reproduce some of the methods evaluated in the
paper. The CPDM dataset is hosted on the server.
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A.3 LICENSE

The images included in the CPDM dataset are either publicly available on the web or from three
sources, Wikiart, Wikipedia, and Illustrator Anonymous Artist. The corresponding licenses for the
ones that are available on the web are public domain, public domain, and illustrator <Anonymous
Artist> , respectively. We do not own their copyrights. We, the authors of this paper and creators of
the dataset, bear all responsibility in case of violation of rights.

A.4 OUR ARTIST

Information is anonymous.

A.5 CPDM METRIC DETAILS

After establishing the fundamental principle of considering metrics from both semantic and stylistic
perspectives, the factors determining the final form of metrics are reduced to two parts: the weight of
the gram matrix loss in each layer of the style metric fwlg and the formula for calculating the final
metric based on semantic and style metric.

For the first part, our approach is to utilize weights to approximate the normalization of loss between
layers, ultimately enabling the style metric to achieve the desired effect on the selected similar paired
data, that is, higher similarity for paired works and higher similarity for works by the same author.

(e)                                (f)

Figure 1: (a) fwlg = [1:; 1:; 1:; 1:]. (b) fwlg = [0:5; 0:1; 6e4; 4] The two figures visualize the
distribution of style loss, other visualization settings are the same as Fig.3 in the paper. We can
observe that� by adopting the selected weights (b), the visualization results demonstrate superior
performance. Specifically, the brightness of the pixels near the diagonal line is significantly higher,
and there is a tendency to form bright clusters according to different authors.

For selecting generation formula, we test multiple different formulas to obtain the most significant
effect. As can be seen from 2, in fact, various formulas have certain effects, and the effect of formula
(c) is the most significant and is less likely to be greatly influenced by either part of the two parts (
The practical implication is that if either semantics or style is much too similar, it may be judged as
plagiarism or infringement). Therefore, we choose formula (c) to calculate our final CPDM metric.
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(a)                            (b)                          (c)                          (d)

Figure 2: (a) = (Losssem+Lossstyle), (b) = (Loss2sem+Lossstyle), (c) = (Losssem�Lossstyle)2,
(d) = (Losssem + Lossstyle) The visualization settings are the same as Fig.3 in the paper.

Figure 3: The experimental results of DALLE-mini are shown in the figure, with 9 generated images
on the left and anchor images on the right. The corresponding CPDM metric data is presented in
Table 1.

Table 1: The images generated using DALLE-mini are evaluated with the CPDM metric. The rows
and columns of the table represent anchor images and generated images, respectively. A lower CPDM
metric indicates a higher correlation between images. It can be observed that the images in the
diagonal positions exhibit the highest correlation.

CPDM Metric Style Portrait Artistic Creation Figure
Style_g 0.9930 22.4001 9.95463

Portrait_g 4.1052 0.9067 5.8540
Artistic_Creation_Figure_g 12.1819 21.8751 0.9170

A.6 IMPLEMENTATION DETAILS

Fine-tuning the Stable Diffustion based on Illustraions Digital illustration is an important genre in
modern art, widely used in advertising and promotion, website and mobile application design, digital
publications, and other scenarios. Due to its characteristics such as digitization, diverse creativity,
and rich and variable elements, digital illustration is easier to access and prone to being plagiarized.

Moreover, this methodology aims to exemplify the capability of models such as stable diffusion to
replicate both the artistic style and content of artworks, even when provided with a limited collection
of artists’ works. In the first stage, we trained the model on stable diffusion v1.4 with a learning rate
of 5.0e-05 for 30 epochs. The training dataset consisted of a subset (10,000 images) from the laion
5B Schuhmann et al. (2022) dataset mixed with the 160 illustration images. The other parameters
were set to the default values provided by stable diffusion repository. In this stage, our goal was for
the model to learn the artistic style and elements while preserving the diversity of its generation’s
capabilities. In the second stage, we fine-tuned the model on the 160 illustration dataset for 6 epochs
using a learning rate of 1.0e-05. This resulted in a stable diffusion model (SD-finetuned) that has the
ability to generate works extremely similar to those of the artists.
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Finetuning the parameters of the UNet module in the stable diffusion, it is effortless to achieve pla-
giarism of specific artistic styles. The generated images from the model are almost indistinguishable
from the original copyrighted images in terms of artistic style, elements, and composition. This
demonstrates the substantial impact of large models on copyright infringement in artistic creations.

Utilization of ChatGPT

The primary application of ChatGPT was during the collection of anchor image data, where it
facilitated the creation of a list containing the most renowned and potentially infringing images.
This approach streamlined the process of efficiently gathering the most probable anchor images.
Furthermore, we experimented with employing ChatGPT to refine prompts generated by the Clip
Interrogator. Leveraging the advanced textual processing capabilities of large language models, we
aimed to optimize prompts by addressing issues such as semantic ambiguity, lack of coherence, and
incomplete phrasing. The goal was to produce prompts that exhibited a closer alignment with the
input image. Regrettably, the experimental outcomes demonstrated that the integration of ChatGPT-
optimized prompts did not result in substantial improvements. Specifically, the enhanced prompts
failed to significantly aid in identifying more closely related infringing images to the input image.
Instead, this integration led to an escalation in pipeline complexity and necessitated consideration of
response time and stability concerns associated with the large language model. Consequently, in the
final version of our work, we restricted the invocation of ChatGPT solely to the process of collecting
anchor images.

Data Collection Method and Data Quality

During the process of data collection, we employed a combined approach involving manual validation,
ChatGPT, and CPDM metric to ensure the quality of the collected data. Specifically, we initiated
the process by utilizing ChatGPT to compile a list of the most renowned and likely infringing
image names. This list was curated to encompass a diverse range of image types. Subsequently,
a manual review was undertaken to eliminate anchor images lacking in representativeness. For
images generated by the model, we employed a dual strategy involving the CPDM metric and manual
assessment. This combination served to guarantee the accuracy and representativeness of the collected
images. Moreover, it is crucial to recognize that the method of data collection has a direct impact
on the overall quality of the dataset. The CPDM metric played a crucial role as an initial screening
tool, while the subsequent manual review ensured the ultimate quality of the dataset. The synthesis
of these approaches not only ensured the data’s integrity but also contributed to a dataset that better
reflects the diversity and accuracy required for the research.

Baseline for Unlearning Algorithm Design

We have proposed two fundamental unlearning methods for text-to-image generation models: the
Gradient Ascent-based Approach and the Weight Pruning-based Approach. During the unlearning
experiments, we have kept the parameters of the text embedding module and the autoencoder
module frozen, focusing solely on adjusting the model’s Unet structure. Taking the example of
stable diffusion, the model’s text embedding module employs either "openai/clip-vit-large-patch14"
or "ViT-H-14," both of which are pretrained modules. Consequently, during the fine-tuning of the
diffusion model, it’s common practice to freeze these parameters to maintain the semantic information
of the text module and the feature information of the image encoder-decoder module. Similarly,
in conducting unlearning experiments with copyrighted images, based on insights from the esd
[reference] and forgot-me-not [reference] papers, we’ve found that the cross-attention structure of
the Unet module greatly influences the connection between prompts and the semantic and stylistic
information of generated images. Adjusting these parameters through unlearning enables the model
to forget copyrighted images without excessively compromising its generative capability. Thus, we’ve
introduced two fundamental unlearning methods specifically targeting the latent space Unet module.

Forgetting Copyrighted Images

For text-to-image generation models, when we identify that the model has generated copyrighted
images based on a specific prompt and we intend to forget those corresponding copyrighted images, a
two-step process is employed. Firstly, the relevant unlearning algorithm is applied to the generation
model. Subsequently, the unlearned model is employed with the same prompt to regenerate the
corresponding image. Following this, the CPDM metric is utilized to measure the similarity between
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the generated images before and after the unlearning process. This assessment helps determine
whether the model has successfully forgotten the corresponding copyrighted images.

Experimental Setups for ESD and Forget-Me-Not

In the evaluation of both unlearning algorithms, the open-source code for ESD is tailored for
Stable Diffusion v1.4. For exploratory experiments, we made appropriate code adjustments to
accommodate Stable Diffusion v2.1, while maintaining other parameter configurations consistent
with those specified in Table 2 of the paper. We utilized 100 iterations for ESD due to observed
limitations in image quality and excessive decline in FID when using the official 1000 iterations.
This could be attributed to the disparities in model versions between Stable Diffusion v1 and
Stable Diffusion v2. Regarding the Forget-Me-Not experiment, we introduced modifications to the
official parameter settings. The default image size for the official experiment is 512, employing
the "stable-diffusion-2-1-base" model. We adapted this to an image size of 768 and employed the
"v2-1-768-ema-pruned" model to ensure consistency with the baseline methods used in several
experiments outlined in Table 2 of the paper. It’s worth noting that, in both experiments, the code and
parameter adjustments were not meticulously fine-tuned, potentially affecting the representativeness
of the experimental outcomes for the optimal efficacy of the proposed approach.

A.7 RELEVANT WORK IN ARTISTIC IMAGE COMMUNITIES

There has been considerable attention towards community efforts that employ Stable Diffusion models
to imitate artistic styles. Notable examples include websites like https://stablediffusion.fr/artists and
https://www.urania.ai/top-sd-artists. These platforms curate collections of images that bear stylistic
resemblance to the works of over a thousand artists, spanning both contemporary and classical
art. In the workflow of these image communities, artistic style images are generated by manually
providing a prompt, where the artist’s name is incorporated as a style cue in the prompt, such as
"A woman + [artist]." This approach emphasizes capturing the unique artistic traits of an artist’s
style. In our framework, our approach begins by utilizing existing, specific, and valuable artistic
images as anchor images. Unlike arbitrarily determining a subject or content for a painting, we derive
corresponding prompts through multimodal analysis of these anchor images. These prompts are
then combined with the artist’s name and fed into a text-to-image model to generate images that
are both content-wise and stylistically similar to the anchor image. For instance, we might create a
prompt like "fritillaries-in-a-copper-vase-1887, by vincent-van-gogh, painting of a vase with fritillaria
flowers in it, in the starry night, orange flowers, pine, luscious brushstrokes, prizewinning, cone, high
details, hips, tyler, mesmerizing, description, pot, visually stunning, unlit." This prompt includes
a description of the painting’s content, its title, and the artist’s name, enabling the identification of
corresponding infringing images. In essence, our method involves collecting authentic, valuable, and
specific images from the art world to be used as training examples for image generation models. This
represents a more rigorous form of style imitation. In contrast, the artistic images in the provided
links tend to focus on capturing certain aspects of an artist’s style, falling into the category of broader
style imitation. Furthermore, certain images from these links closely resemble those in our dataset,
such as the character image generated from the prompt "A woman, [Vincent Van Gogh]."

A.8 IMAGE METRICS AND HUMAN PERCEPTION ALIGNMENT

We conducted the following experiment to validate the correspondence between the CPDM metric
and human perceptual evaluation. Specifically, we randomly selected 10 anchor images from each
category in the CPDM dataset, resulting in a specialized dataset of 40 images for this experiment. We
then divided the prompts corresponding to each image into three different lengths: short, medium,
and long. These prompt lengths capture different levels of completeness in describing the anchor
images. Using these prompts, we generated corresponding counterfeit images and obtained metric
values. In the final step, we had human evaluators manually rate the similarity between the images
generated from prompts of varying lengths and the corresponding anchor images. We then compared
these human perceptual ratings with the metric values and conducted a correlation analysis. The
experimental results demonstrated a significant alignment between the benchmark’s metric values
and human assessments of image counterfeiting trends. Experimental results refer to Table 2 and
Figure 6.
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Figure 4: Style: �gures generated under prompts of different lengths.

Figure 5: Illustration: �gures generated under prompts of different lengths.

A.9 BALANCING AMONG DIFFERENTUSERS

Balancing the interests between users of art and imitators with the original creators of art is a
practical challenge. For example, imitators argue that their derivative works incorporate many of
their own design elements, making them signi�cantly distinct from the original image. On the other
hand, original creators believe that imitated images still contain their own creativity and artistic
achievements. The CPDM dataset currently encompasses four major categories of images: art
paintings, cartoons, portraits, and illustrations. Our goal is to protect a broader range of image types.
Through the demo, we aim to establish a community that can accommodate various image categories
and styles, facilitated by extensive voluntary searches by users and artists. This necessitates the
provision of evaluation metrics to determine whether infringement has occurred. These metrics
should be reliable, consistent, widely applicable to diverse image categories and styles, and generally
accepted by the majority. For instance, an image that has been legally determined to be infringing
due to copyright disputes might not be perceived as such by its imitator, who believes their imitation
includes their knowledge and creativity. However, according to prevailing universal standards (which
could be legal), the imitation indeed constitutes infringement. Regarding the category of art paintings,
artists often consider inspiration and creativity as the most valuable aspects of a piece, while the
style, lines, and other elements are expressions of their thoughts, techniques, and habits. Imitators,
through simple modi�cations or style transfers, might perceive the modi�ed image to be signi�cantly
different from the original, leading them to believe it doesn't infringe copyright. However, by widely
accepted standards, the modi�ed image might still be deemed an infringement. Therefore, we aim to
provide speci�c evaluation metrics rather than ambiguous or multiple indicators. Despite the fact that

6



Under review as a conference paper at ICLR 2024

Table 2: Correlation Analysis of mage Metrics and Human Perception. The table lists the speci�c
CPDM metric values, corresponding to Figure 6.

Licensed Illustration
Sample 1 2 3 4 5 6 7 8 9 10
Long 0.0199 0.4043 0.3248 1.3084 0.3662 0.3272 0.0170 0.9741 0.3277 0.1064

Midium 0.1424 6.1508 5.6219 3.6961 11.1213 23.4006 0.0607 1.3994 14.0937 0.0803
Short 2.1791 1.4756 5.0242 20.7223 1.6771 48.3086 33.6176 3.5753 1.3758 2.5866

Portrait
Sample 1 2 3 4 5 6 7 8 9 10
Long 15.4628 0.6014 0.6022 1.2449 1.2597 0.6904 3.0976 1.4410 15.5803 1.1136

Midium 7.9956 0.8865 0.2389 1.9183 1.8830 5.4410 4.8874 3.1025 19.2009 7.8166
Short 9.0726 0.9197 0.9680 1.5752 1.4851 0.6818 4.2184 1.4081 8.3657 2.0543

Style
Sample 1 2 3 4 5 6 7 8 9 10
Long 2.0524 0.9340 3.7435 1.3003 5.1592 1.3929 1.8341 1.5736 1.4996 1.4300

Midium 5.1566 1.7213 2.8873 1.6611 17.9385 1.3685 1.0523 2.4432 1.5736 0.8473
Short 11.7106 2.2211 0.4889 3.4210 6.0821 0.4062 5.6952 5.5935 0.8287 8.4373

Artistic Creation Figure
Sample 1 2 3 4 5 6 7 8 9 10
Long 3.8000 0.3160 100.0000 0.2873 8.7474 1.1633 4.5712 0.4855 0.6338 3.7595

Midium 0.7875 2.6698 6.9022 0.9813 8.6100 29.8275 6.4484 0.7571 3.4068 3.6385
Short 68.3414 12.4492 76.5174 61.7901 10.2511 5.9912 3.1749 4.2498 4.8176 5.4505

copyright disputes involve varying perspectives from creators and imitators and have some gray areas,
we aspire to propose metrics that align as closely as possible with universally accepted evaluation
criteria. We maintain close discussions with the artists within our team, continuously improving and
re�ning our evaluation methods. Our aim is for the outcomes of our evaluation criteria to closely
align with the assessments made by artists.

A.10 USAGE OFCOPYRIGHTED IMAGES

The current dataset includes copyrighted content obtained from Wikipedia. The images provided
by this community have shared copyrights and can be accessed and utilized for non-commercial
purposes and educational research (https://www.wikiart.org/en/terms-of-use). Additionally, a portion
of illustrative images comes from the Anonymous Artist . These illustrative images are also available
for non-commercial and educational research purposes. For commercial usage, please reach out to
Anonymous Artist at https://###/ to request authorization. After the demo link is launched, the dataset
will gradually expand to encompass various other categories of images. Through the engagement
and usage of a wide range of users, we will curate and collect images that may have been subject to
copyright infringement. The collection of such images is carried out with the authorization of the
image providers, adhering to non-commercial use and scienti�c research purposes.

A.11 PROSPECTS FORDATASET SCALE AND DIVERSITY

Currently, our research focus is restricted to the domain of two-dimensional image copyright to
analyze and explore the infringement scenarios where copyright images are used in training datasets
for text-to-image generation models. This is a highly relevant issue that has attracted signi�cant
attention. The data collection and preparation required for the development of large models have
a profound impact on image copyright issues. For instance, training sets for image generation
models like Stable Diffusion include massive amounts of natural images, some of which unavoidably
include copyrighted content. As a result, issues related to copyright infringement in the context
of two-dimensional content and text-to-image generation models have gained widespread attention
recently. We acknowledge that real-world copyright infringement encompasses a broader spectrum,
including three-dimensional content and multimedia presentations. However, attempting to cover all
potential infringement domains is a complex and challenging endeavor. We have chosen to focus on
the copyright issues of two-dimensional image content and text-to-image generation models, with
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Figure 6: Correlation Analysis of mage Metrics and Human Perception. As the color deepens, the
correlation increases. This observation highlights the alignment between the trend of the CPDM
metric and human perception

the aim of laying the groundwork for future expansion into other dimensions of image infringement.
We hope that future work can expand the scope to encompass three-dimensional and multimedia
content, thus conducting a comprehensive analysis of copyright infringement issues across various
dimensions. Meanwhile, the demo for our proposed method will be launched soon and continuously
improved. With the demo link, we hope that any artist or individual can upload images they believe
to be infringing. If users are willing to share their images with the dataset, we will add infringing
images to the CPDM dataset through a dual process of evaluation metrics and human screening. We
believe that the dataset's scale will become richer as more people participate, and we will rigorously
control the dataset's quality and make timely revisions. Once again, we sincerely appreciate your
constructive feedback.
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