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Abstract
Text-to-image models are trained using large datasets collected by scraping image-
text pairs from the internet. These datasets often include private, copyrighted,
and licensed material. Training models on such datasets enables them to generate
images with such content, which might violate copyright laws and individuals
privacy. This phenomenon is termed imitation – generation of images with rec-
ognizable similarity to training images. In this work we study the relationship
between a concept’s frequency in a dataset and the ability of a model to imitate it.
We seek to determine the point at which a model was trained on enough instances
to imitate a concept – the imitation threshold. We posit this question as a new
problem: Finding the Imitation Threshold (FIT) and propose an efficient approach
that estimates the imitation threshold without incurring the colossal cost of training
multiple models from scratch. We experiment with two domains – human faces
and art styles for which we create three datasets, and evaluate three text-to-image
models which were trained on two pre-training datasets. Our results reveal that the
imitation threshold of these models is in the range of 200-600 images, depending
on the domain and the model. The imitation threshold can provide an empirical
basis for copyright violation claims and acts as a guiding principle for providers of
text-to-image models that aim to comply with copyright and privacy laws.

1 Introduction

The progress of multi-modal vision-language models has been phenomenal in recent years [15, 37,
38, 40], much of which can be attributed to the availability of large-scale pretraining datasets like
LAION [46]. These datasets consist of semi-curated image-text pairs scraped from Common Crawl,
which leads to the inclusion of explicit, copyrighted, and licensed material [4, 9, 19, 22, 59]. Training
models on such images may be problematic because text-to-image models can imitate — the ability
to generate images with recognizable features — concepts from their training data [5, 52]. This
behavior has both legal and ethical implications, such as copyright infringements as well as privacy
violations of individuals whose images are present in the training data without consent. In fact, a
large group of artists sued Stability AI, creators of widely-used text-to-image models, alleging that
the company’s models generated images that distinctly replicated their artistic styles [44].
Previous work has focused on detecting when generated images imitate training images, and miti-
gations thereof [5, 50, 52, 53]. In particular, researchers found that duplicate images increase the
chance of memorization and imitation. However, the relation between a concept’s prevalence and the
models’ ability to imitate it remains unexplored.
In this work, we ask how many instances of a concept does a model need to be trained on to
imitate it? Establishing such an imitation threshold is useful for several reasons. First, it provides
an empirical basis for copyright infringements and privacy violations claims [44, 59]. Second, it
acts as a guiding principle for text-to-image models providers that want to avoid such violations.
Finally, it reveals an interesting connection between training data statistics and model behavior, and
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Figure 1: An overview ofFIT, where we seek theimitation threshold– the point at which a model was
exposed to enough instances of a concept that it can reliably imitate it. The �gure shows four concepts
(e.g., Van Gogh's art style) that have different frequencies in the training data (213K for Van Gogh).
As the frequency of a concept's images increases, the ability of the text-to-image model to imitate it
increases (e.g. Piet Mondrian and Van Gogh). We propose an ef�cient approach,MIMETIC 2, that
estimates the imitation threshold without training models from scratch.

the ability of models to ef�ciently harness training data [6, 56]. We name this problemFIT: Finding
theImitationThreshold, and provide a schematic overview of this problem in Figure 1.
The optimal methodology to measure the imitation threshold requires training multiple models with
varying number of images of a concept and measuring the ability of the counterfactual models to
imitate it. However, training even one of these models is prohibitively expensive. We propose an
alternative approach,MeasuringImitation ThrEsholdThroughInstanceCount andComparison
(MIMETIC 2), that estimates the threshold without incurring the cost of training models from scratch.
We start by collecting a large set of concepts per domain (e.g., Van Gogh for artistic styles), and use
a text-to-image to generate images for each concept. Then, we compute the imitation score of the
generated images by comparing them to the training images of the respective concept, and estimate
each concept's frequency in the training data. Finally, by sorting the concepts based on frequency we
estimate the imitation threshold for that domain using achange detectionalgorithm [23].
Since we operate with observational data, a naive implementation may be confounded by different
factors, such as the quality of the imitation scoring model on different groups within the domain, or
estimating the training frequencies of concepts (e.g., simple counts of `Van Gogh' in the captions
results in a biased estimate since the artist may be mentioned in the caption without their work). As
such, we carefully tailor MIMETIC2 to minimize the impact of such confounders.
Overall, we formalize a new problem –FindingImitationThreshold (FIT; §3), and propose a method,
MIMETIC 2, that ef�ciently estimates theimitation thresholdfor text-to-image models (§5). We use
our method to estimate the imitation threshold for two domains on three datasets, three text-to-image
models that were trained on two pretraining datasets (§4). We �nd the imitation thresholds to range
between 200 to 600 images, providing concrete insights on models' imitation abilities (§6).

2 Background

Text-to-Image Models: Generating images from textual inputs is a long studied problem, with
diffusion models as the current state-of-the-art [12, 18, 51]. Diffusion models are generative models
that model image data (while they work with other modalities as well, we focus here on images). They
learn to approximate the underlying data distribution (unconditioned or text-conditioned) making
it amenable to sample images from its learned distribution, by performing a sequence of denoising
operations. These models can be trained with image-text pairs and then generate images based on
text. Open-sourced models like Stable Diffusion (SD) [40] are trained using large datasets such as
LAION [46], a large image-caption dataset scraped from Common Crawl.

Dataset Issues and Privacy ViolationsThe advancement in text-to-image capabilities, largely due
to big training datasets, is accompanied by concerns about the training on explicit, copyrighted, and
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licensed material [4] and imitating such content when generating images [9, 19, 22, 59]. For example,
Birhane et al.[4] and Thiel[55] found several explicit images in the LAION dataset and Getty Images
found that LAION had millions of their copyrighted images [59]. Issues around imitation of training
images has especially plagued artists, whose livelihood is threatened [44, 50], as well as individuals
whose face has been used without consent to create inappropriate content [2, 19].

Training Data Statistics and Model BehaviorPre-training datasets are a core factor for explaining
model behavior [13]. Razeghi et al.[39] found that the in-context few-shot performance of language
models (LMs) is highly correlated with the frequency of instances in pre-training datasets. Udandarao
et al. [56] bolster this �nding by demonstrating that the performance of multimodal models on
downstream tasks is strongly correlated with a concept's frequency in the pretraining datasets. In
addition, Carlini et al.[6] shows that language models more easily memorize duplicated sequences.
We �nd a similar phenomenon: increasing the number of images of an instance increases the similarity
between the generated and training images on average. Crucially, instead of measuringmemorization,
we measureimitation, and we use such metric to �nd theimitation threshold.

3 Problem Formulation and Overview

Finding the Imitation Threshold (FIT) seeks to �nd the minimal number of images with some concept
a model has to see during training in order to imitate it.FIT's setup involves a training dataset
D = f (x1; y1); (x2; y2); :::; (xn ; yn )g, composed ofn (image, caption) pairs. Each concept is part of
a domainO, such as art styles. We also assume an indicatorI j that indicates whether a conceptZ j is
present in imagex i . Each conceptZ j appearscj = j

P
i I j (x i )j times in the datasetD. Finally, we

assume a modelM that is trained onD as a text-to-image model to predictx i from yi . Theimitation
thresholdis the minimal number of imagescj with some conceptZ j from which the modelM is
able to generate imagesM (pj ) given some promptpj 1 whereZ j is recognizable as the concept.

min
�

k 2 f 0; 1; : : : g : I j (M k (pj )) = 1
	

Optimal Approach. Finding theimitation thresholdis a causal question –if modelM was trained
with k0 images of conceptZ j instead ofk, could it generate images with this concept?The optimal
manner of answering this question is a brute force experiment [35]: For each conceptZ j , we create
a datasetD0

k where we vary the number of images with such concept in the training data, where
k 2 f 0; 1; : : : ; ng, and train a modelM 0

k on each dataset. Once we �nd a model,M 0
k , that is

able to generate the concept, butM 0
k � 1 cannot, we deemk as theimitation thresholdfor that

concept.However, due to the extreme costs of training text-to-image models, this optimal approach is
impractical (this approach will require trainingO(log n) models).

MIMETIC 2. We propose an approach that is tractable and estimates the causal effect under certain
assumptions. The key idea is to use observational data instead of training a model for different
number of images for each concept. Such an approach has been previously used to answer causal
questions, inter alia, [27, 31, 35]. Concretely, we collect several different concepts (Z j ) belonging to
some domain (O) while ensuring that these concepts have varying image frequencies in the training
datasetD. Then, we identify the frequency where modelM starts generating images with the concept
at that frequency. We term this frequency as theimitation threshold.
To evaluate the imitation ability, we build aconcept-scorefunction f that returns an imitation
scoref (X t ; M P j ) that measures the imitation of a concept in the generated images using its
training data.X t := x1; :::; x t is a set of training images associated with conceptZ j . M P j :=
M (pj )1; M (pj )2; : : : ; M (pj )g is a set of generated images created using different random seeds
and a text prompt that mentionsZ j , For a domainO, we collect a set of conceptsZ 1; Z 2; :::; Z m

(e.g., a list of artistic styles), estimate each concept's frequency in dataD, and measure the imitation
score for each concept. Sorting the concepts based on their frequencies in the dataset, and using a
standardchange detectionalgorithm on the imitation scores, gives us the imitation threshold for that
domain. We provide the implementation details in Section 5.

Assumptions. Our approach to compute the imitation threshold makes an assumption about dis-
tribution invariance in order to make the problem computationally tractable. This assumption is a
standard practice when answering causal questions using observational data [35]. This assumption
posits an invariance in the image distribution of each concept. Under this assumption, measuring

1Promptspj are usually different from the captions in the training data,yi .
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Samara Joy Jacquetta Wheeler James Garner Stephen King Johnny Depp

Figure 2: Examples of real celebrity images (top) and generated images from a text-to-image model
(bottom) with increasing image counts from left to right (3, 273, 3K, 10K, and90K, respectively).
The prompt is “a photorealistic close-up image of {CELEBRITY}”.

the imitation score of a conceptZ i with a counterfactual model trained withk0 images ofZ i is
equivalent to measuring the imitation of another conceptZ j that currently hask0 images in the
already trained model. This helps us answer the causal questionFIT seeks without training multiple
models. And similar to other sample complexity works [56, 57], we also assume each image of a
concept contributes equally to its learning.

4 Experimental Setup
Table 1: Pretraining data, models, domains,
and datasets we experiment with.

Pretraining Data Model Domain Dataset

LAION2B-en
SD1.1 Human Faces Celebrities, Politicians

Art Style Classical, Modern artists

SD1.5 Human Faces Celebrities, Politicians
Art Style Classical, Modern artists

LAION-5B SD2.1 Human Faces Celebrities, Politicians
Art Style Classical, Modern artists

Table 2: Prompts used to generate images of hu-
man faces (celebrities and politicians) and art styles.
We generate 200 images per concept using different
random seeds (1,000 images per concept). `X' is
replaced with the concept.

# Human faces Art style

1. A photorealistic close-up photograph of X A painting in the style of X
2. High-resolution close-up image of X An artwork in the style of X
3. Close-up headshot of X A sketch in the style of X
4. X's facial close-up A �ne art piece in the style of X
5. X's face portrait An illustration in the style of X

Text-to-image Models and Training Data. We use Stable Diffusion (SD) as the text-to-image
models [40]. Speci�cally we use SD1.1, SD1.5 that were trained on LAION2B-en, a 2.3 billion
image-caption pairs dataset, �ltered to contain only English captions. In addition, we use SD2.1 that
was trained on LAION-5B, a 5.85 billion image-text pairs dataset, which includes LAION2B-en, and
other image-caption pairs from other languages [46].

Domains and Concepts.We experiment with two domains –art styles andhuman faces that
are of high importance for privacy and copyright aspects of text-to-image models. Figures 1 and 2
show examples of real and generated images of art styles and human faces. We collect a two sets of
artists for the art style - classical artists and modern artists, and two sets for human faces - celebrities
and politicians. Then, for each set we sample 400 names that cover a wide frequency range over
the pretraining data. We provide details of the sources used to collect the concepts, and sampling
procedure in Appendix L. Table 1 summarizes the pretraining data, models, domains and constructed
datasets we use in this work.

Image Generation.We generate images for each domain by prompting models with �ve prompts
(Table 2). We design domain-speci�c prompts that encourage the concepts to occupy most of the
image, which simpli�es the imitation measurement. We generate 200 images per concept using
different random seeds for each prompt, a total of 1,000 images per concept.

5 Proposed Methodology: MIMETIC 2

We illustrate our proposed methodology in Figure 3. At a high level, for a speci�c domain,
MIMETIC 2 estimates the frequency of each concept in the pretraining data (Section 5.1) and
the model's ability to imitate it (Section 5.2). We then sort the concepts based on their estimated
frequencies, and �nd the imitation threshold using a change detection algorithm (Section 5.3).

5.1 Concept Frequency

Challenges.Determining a concept's frequency in a multimodal dataset can be achieved by employing
a high-quality classi�er for that concept over every image and counting the number of detected images.
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Figure 3: Overview ofMIMETIC 2 's methodology to estimateFIT. In Step 1, we estimate the
frequency of each concept in the pretraining data by obtaining the images (x) that contain the concept
of interest. In Step 2, we use the images of each concept and compare them to the generated images to
measure imitation (usingg that receives reference imagesT, and generated imagex0). We repeat this
process for each concept to generate the imitation graph, and then determine theimitation threshold
with a detection change algorithm.

However, given the scale of modern datasets with billions of images, this approach is expensive
and time consuming. Instead, we make a simplifying assumption that a concept is present only if
the image's caption mentions it. While this assumption does not hold in general, it is a reasonable
simpli�cation for the domains we focus on. We further discuss this assumption and provide supporting
evidence for its accuracy in Appendix C. In addition, concepts often do not appear in the corresponding
images, even when they are mentioned captions. For instance, Figure 4 showcases images whose
captions contain “Mary Lee Pfeiffer”, but her image does not always include her. On average, we
�nd that concepts occur only in 60% of the images whose captions mention the concept.

Figure 4: LAION2B-en images whose
caption mentions `Mary Lee Pfeiffer',
the mother of Tom Cruise. She is not
always present in the images (the right-
most image that has only Tom Cruise.)

Estimating Concept FrequencyDue to the challenges
described above, we start by retrieving all images whose
captions mention the concept of interest and �lter out the
ones that do not have that concept, as detected by a clas-
si�er. We retrieve these images using WIMBD [13], a
search tool based on a reverse index that ef�ciently �nds
documents (captions) from LAION containing the search
query (concept). In addition, for each concept, we con-
struct a set of high quality reference images. For example,
a set of images with only the face of a single person (e.g., Brad Pitt). We collect these images auto-
matically using a search engine, followed by a manual veri�cation to vet the images (see Appendix D
for details). Overall, we collect up to ten reference images per concept. These images are used as
gold reference for automatic detection of these concepts in the images from the pretraining datasets.

Next, to classify whether a candidate image from the pretraining data contains the concept of interest,
we embed the candidate image and the concept's reference images using an image encoder and
measure the similarity between the embeddings. We use a face embedding model [11] for faces and
an art style embedding model [54] for art style. If the similarity between a candidate image and any
of the reference images is above some threshold, we consider that image to contain that concept. This
threshold is established by measuring the similarity between images of the same concepts and images
of different concepts which maximizes the true positive, and minimizes false positive. We provide
additional details on the exact thresholds per dataset and how to �nd them in Appendices E and F.

Finally, we employ the classi�er on all candidate images corresponding to a concept, and take those
that are classi�ed as positive. For each concept, we randomly retrieve up to 100K images whose
captions mention that concept. We use the ratio of positive predictions from the retrieved candidate
images and multiply it by the total caption counts of the concept in the dataset and use that as the
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