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Investigating the Presence of Bias and Potential Copyright Concerns in LLM

Image Generation Capabilities

ANONYMOUS AUTHORC(S)

As large language models (LLMs) are being adopted across an increasing range of areas, their potential to perpetuate social biases
requires rigorous, systematic evaluation. To evaluate biases in image generation, we compile a dataset of real-world movie posters
and use quantitative and qualitative socio-technical evaluation methods to investigate biases in LLM-generated analogs. Our results
indicated both the general presence of racial and gender bias and the exacerbation of biases found in real-world posters. We also
observe that generated posters exhibited high levels of similarity with their real-world counterparts, potentially to the point of

copyright infringement. This suggests that LLMs may be mirroring and exaggerating existing societal biases.
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1 Introduction

The rise of diffusion models in image generation has enabled text-to-image generation systems to grow in popularity,
revolutionizing LLMs by extending their capabilities beyond generating text outputs [10]. However, its increasing
prevalence has led to the emergence of generative Al bias issues, such as data bias and algorithmic bias [7]. Research
[4, 11, 14, 18] and real-world examples [3, 5] have highlighted the presence of demographic bias in various Al systems.
Although mitigation strategies [1, 15] have been developed in response to these bias incidents, their implementation
has the potential to create adverse effects, such as over-correction leading to the production of inaccurate and distorted
outputs [9]. Recent studies have also pinpointed LLM reproduction of copyrighted material as another growing area
of bias concern [19]. These observations, alongside the growing public use of LLMs for image generation, highlight
the need for evaluation processes that effectively audit LLM-generated images for demographic bias and potential
copyright reproduction concerns.

In this paper, we investigate the presence of demographic bias using a socio-technical evaluation model applied to
LLM-generated image outputs. We chose a domain of movie posters as one form of visual media with a real-world
“ground truth” against which we could compare. We split our evaluation into quantitative and qualitative methods. For
the quantitative analysis, we computed proportions to assess demographic imbalances in a movie poster. For qualitative
analysis, we used a three-component rubric to assess the degree of similarity between a generated poster and its
real-world counterpart. We also measured how centrally characters of different demographic groups appeared in the

posters, as focal points often suggest importance in this form of media.

Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not
made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. Copyrights for components
of this work owned by others than the author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or republish, to post on
servers or to redistribute to lists, requires prior specific permission and/or a fee. Request permissions from permissions@acm.org.

© 2026 Copyright held by the owner/author(s). Publication rights licensed to ACM.

Manuscript submitted to ACM

Manuscript submitted to ACM 1


https://doi.org/10.1145/nnnnnnn.nnnnnnn

59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84

86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103

104

2 Anon.

We implemented our methods on 500 IMDDb synopses across 5 genres. We observed indications of gender and race
bias. We also found that our data tended to overemphasize real-world bias trends. These findings affirm the presence of
a general bias in LLM image generation. We also observe that movie posters generated in 2025 were very likely to match

real movie posters for the same movie, a trend not observed in earlier pilots, with potential copyright implications.

2 Related Work

Prior work in film and media studies has shown evidence of gender and racial bias patterns [6, 8, 12, 13]. Studies
have consistently concluded that there is a prevalent male bias in movie posters, using methods such as positional
analysis of agency [8] and deep learning techniques [13] to measure and identify gender inequality. These findings are
further supported by bias analyses of movies as a whole [13], which found a ratio of 2.2 male characters per female
character in the top 100-grossing films in 2015. Regarding race and ethnicity bias in movies, [13] found that only 26.3%
of speaking characters in the sampled films were from underrepresented racial groups, and [6] showed that these trends
persist in movie posters. However, despite these consistent racial and ethnic bias trends, [6] has shown that there is
an improvement in the overall diversification of individuals within movie posters. The documentation of bias trends
in real-world movie posters makes this domain a suitable setting for our study, in which we will determine whether
these trends were preserved, mitigated, or exacerbated in Al-generated images. As Al begins to integrate into the film
industry, the importance of analyzing this domain increases, as it sheds light on the implications of using these systems
to generate creative content.

Bias in image generation has been well explored [7, 15, 16]. Models capable of image generation become susceptible
to societal biases due to their training datasets [16], making them harmful if unchecked. Mitigation and audit strategies
[1] have been developed in response to these bias incidents. Techniques such as reinforcement learning from human
feedback (RLHF) [2] and adversarial learning [17], when integrated with leading image-generation models (e.g., DALL-
E with GPT-4), have the potential to mitigate bias. However, sometimes these implementations fail, with Gemini’s
over-correction tendencies leading to inaccurate outputs [9]. Critiques of current mitigation strategies have also noted
that they do not fully and holistically address bias concerns [15].

We aim to synthesize these two areas, framing our analysis as a socio-technical audit of generative Al image
generation grounded in the domain of visual film representations. By doing so, we analyze whether real-world bias

patterns are observable in Al outputs and whether the limitations of current mitigation strategies are evident.

3 Methods
3.1 Genre and Synopsis Selection

We utilized a dataset containing the title, genre, Motion Picture Association film rating (G, PG, PG-13, R, NC-17), and
original synopsis of 6097 movies. We selected the five most frequently occurring genres this dataset: Action, Animation,
Comedy, Drama, and Horror. From each of these genres, we randomly selected 100 titles, ensuring that the number of
titles from each rating group (G, PG, PG-13, R, NC-17) were proportional to the number of available titles from each
rating group. For example, if the Horror genre had approximately 83% of its titles in the R-rating category (432 titles
out of 522), approximately 83 of the 100 titles selected by the script also had an R-rating.

3.2 Synopsis Modification

We edited each synopsis using the following guidelines:
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LLM Image Generation Bias 3

(1) Changes to synopses are minimal to preserve plot lines and prevent confounding variables.

(2) Replace proper names of human characters and groups specifically relevant to the movie with a neutral
placeholder term, such as "an individual,’ "another individual,' "a group," or "the group" depending on the
grammatical context.

(3) Remove demographic markers, such as gender pronouns, parental labels, partnership labels, and mentions of

"o "o

race/ethnicity. Replace these with neutral terms, such as "individual,’ "parent,’ "partner," "person," etc.

(4) Preserve geographic demographics, as they are racially ambiguous (ie. American, Canadian, etc).

(5) Several aspects that do not contribute to demographic markers should be preserved. This includes positions of
power (with some exceptions), occupations, and locations.

(6) Because we are not evaluating age-related biases, we retained age identifiers.

3.3 Image Generation

We generated one image per synopsis using the ChatGPT-40 model. This model was kept consistent throughout the
entire process. Using a Selenium script to automate the process, we used the following prompt for each synopsis:
“Generate a movie poster from the following synopsis. Please be as detailed as possible, showing the faces of the characters.
Please also have this be as similar as possible to real-world movie posters: [insert synopsis here].” This prompt was kept
consistent across all synopses to prevent any confounding variables. Any requests from ChatGPT for more details were
ignored. We recorded 47 prompt rejections, with ChatGPT providing the rationale that the prompt violated OpenAI’s

content policies. Image generation for the 500 selected titles spanned from June to August 2025.

3.4 Image Annotation/Evaluation

Annotation was conducted simultaneously by both the primary and secondary authors. Edge cases were discussed
together until a consensus was reached, and the authors executed a validation check of the other’s annotations to
minimize possibilities of human error. Inter-rater reliability was calculated by Cohen’s k (all ¥ > 0.650). Our annotation
was split into a quantitative and qualitative component. Non-human characters, such as animals and monsters, were
not included in our annotation because they do not exhibit any clear gender or race. This condition meant that our

total generated dataset size was 413 posters and our total real-world dataset size was 382.

3.4.1 Quantitative Proportion Analysis. We used proportions in half of our bias analysis of the generated images.
Within both the generated images and their real-world counterparts, we recorded the number of male, female, gender-
ambiguous, White, Black, Asian, Hispanic/Latino, and racially ambiguous characters. For each poster, we computed the
proportion of characters belonging to each demographic group relative to the total number of characters present. These
proportions were then averaged across posters. The proportions from generated and real-world images were compared

to determine whether ChatGPT exhibited higher or lower levels of bias relative to real-world patterns.

3.4.2 Qualitative Labeling Analysis. We compared the generated poster with its real-world counterpart across three
components: title, artistic style (color scheme, layout, etc.), and main characters. We recorded the degree of similarity
between the generated and real-life posters across these aspects. If the posters shared similarities in two or more
components, then we labeled these images as replication concerns. We also recorded the demographics of the most
significant and central character(s). Some films were identified as having more than one central character. For example,
if two characters were the same size and shared the poster’s central space, we considered them both central characters.
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4 Anon.

Table 1. Percentages of posters with a male, female, or gender ambiguous central character.

Genre Male (%) Female (%) Gender Amb. (%)

Action 87.0 11.0 0.0
Animation 40.0 17.0 0.0
Comedy 80.0 52.0 0.0
Drama 66.0 32.0 1.0
Horror 51.0 49.0 1.0

Table 2. Average proportion of female characters in generated and real-world posters, computed as women / (women + men) per
poster and averaged across posters. Values are rounded to one significant figure.

Genre Generated Real-World

Action 0.3 0.2
Animation 0.4 0.4
Comedy 0.4 0.4
Drama 0.4 0.4
Horror 0.4 0.5

4 Results

Table 1 shows that across all genres, a higher percentage of generated movie posters feature a male as the central
character. The proportions for generated images in Table 2 also indicate that across all genres, male characters constitute
a larger share of characters per generated poster on average. This indicates a gender bias in favor of male characters.
Action movies have the highest percentage of generated movie posters with a male central character (87%) and the
lowest average proportion of women appearing in generated movie posters overall (30%).

Table 2 also shows that there is no difference in the average proportion of women appearing in generated and
real-world movie posters for the Animation, Comedy, and Drama genres. Generated action movie posters had a higher
average proportion of women than real-world action movie posters, whereas generated horror movie posters had a
lower average proportion of women than real-world action movie posters. Both generated and real-world posters
exhibit a gender bias in favor of male characters, as evidenced by average proportions below 0.5 (except for Horror
real-world posters). These results suggest that ChatGPT is mirroring and emphasizing existing gender societal biases.

Table 3 shows that across all genres, a higher percentage of generated movie posters feature a white individual
as the central character. Table 4 also shows that the White proportions, across all genres, are higher than the POC
proportion and all other demographic proportions. Therefore, it shows that White characters constitute a larger share
of characters per generated poster on average. Horror movies have the highest percentage of posters featuring a white
central character (91%). Comedy, Drama, and Horror movies have the highest average proportion of White characters
in generated movie posters (90%). In generated posters across all genres, Black, Asian, Hispanic/Latino, and racially
ambiguous demographics had little to no representation as the central character. The only exception is the Comedy
genre, where 52% of central characters were Black. The small demographic-specific average proportions also highlight
their under-representation in the generated dataset, with Hispanic/Latino characters not appearing in any Horror
movie posters. Combined with the large White proportions, this emphasizes racial bias in favor of White individuals.
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LLM Image Generation Bias 5

Table 3. Percentages of posters with a white, Black, Asian, Hispanic/Latino, or racially ambiguous central character.

Genre White (%) Black (%) Asian (%) Hispanic/Latino (%) Race Amb. (%)

Action 83.0 19.0 2.0 1.0 0.0
Animation 44.0 1.0 2.0 2.0 3.0
Comedy 95.0 52.0 0.0 3.0 0.0
Drama 81.0 14.0 0.0 1.0 0.0
Horror 91.0 6.0 0.0 0.0 0.0

Table 4. Average proportion of characters from specified demographic groups in generated (G) and real-world (R) posters, computed
as demographic / (all demographics summed together). Values are rounded to one significant figure.

POC White Black Asian Hispanic/Latino ~ Race Amb.
Genre G R G R G R G R G R G R
Action 02 02 08 08 0.1 0.2 0.04 0.04 0.02 0.0 0.03  0.04

Animation 02 04 08 0.6 0.05 0.08 0.05 0.08 0.03 0.03 0.06 0.2
Comedy 01 02 09 08 006 01 0.008 0.01 0.02 0.02 0.005 0.04
Drama 01 02 09 08 0.1 0.1 0.006 0.01 0.008 0.004 0.009  0.05
Horror 01 03 09 07 007 01 0.008 0.002 0 0 0.02 0.2

Table 4 shows that across all genres, generated posters either mirror or exaggerate White representation found in
real-world counterparts. Black proportions in generated posters were lower across all genres except Drama, where they
were equivalent to the real-world proportion. Proportions for Asian and Hispanic/Latino characters in generated posters
showed mixed, minimal differences compared to real-world posters, which may be due to existing low representation
baselines. Generated posters also showed lower proportions of racially ambiguous characters than real-world posters.
These comparisons suggest that ChatGPT is both exacerbating and mirroring existing racial societal biases.

We also observed very close matches between many generated posters and real movie posters, with a significant
majority of synopsis prompts yielding images that resembled their real-world counterparts. An example appears in
Figure 1, where generated posters for the movies Armageddon (1998) and Eurotrip (2004) are compared with their
real-world counterparts. These two comparisons show the preservation of the real-world movie’s title, artistic style,
and main characters. 69% of Action, 52% of Animation, 37% of Comedy, 53% of Drama, and 33% of Horror movie
posters shared similarities in two or more of our assessed components with its real-world counterpart, which we
defined as grounds for potential copyright issues. However, many posters that did not pass our subjective similarity
threshold still contained several key elements of the real movies from whose anonymized synopses they were created.
For example, even when generated posters differed considerably from their real-world counterparts, the poster may
contain illustrations that resemble the actor/actress who played the role in the real-world film. Earlier pilot testing
showed no examples of these patterns, therefore providing assurance that our prompt asking ChatGPT to generate

examples that are "as similar as possible to real-world posters" did not become a confounding variable in our analysis.

5 Discussion

The results highlight the over-representation of specific demographic groups in ChatGPT-generated images. Given that
the generated dataset was dominated by male and white demographics, this suggests that image generation continues
to reinforce predominant demographic representations in media and film. The minuscule Asian and Hispanic/Latino
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6 Anon.

Real-World Image Generated Image

Fig. 1. Comparison of generated image examples and their real-world counterparts.

representation in the dataset also perpetuates the real-world lack of representation of these demographics in media and
film. Our comparisons of proportions for generated and real-world images also show that ChatGPT may be mirroring
and exaggerating bias trends observed in real-world media, a concerning finding that warrants more attention. The
consistent similarities between generated and real-world movie posters also support the mirroring of existing social
biases that we found in our demographic bias analyses. Potentially, by using the real-world counterparts as a foundation,
LLMs are following the patterns found in its training data distributions, highlighting the importance of developing
debiasing mechanisms that might mitigate this.

This study underscores the necessity of approaches that ensure the fairness of Al system outputs, whether by
integrating such safeguards into the system itself or by creating less biased training data. How we go about these
approaches also requires the creation of robust Al governance frameworks that uphold these procedures and the

proliferation of these standards.

5.1 Limitations and Future Work

One limitation is our criteria potentially not being exhaustive. Establishing a clear threshold for whether a generated
image resembles its real-world counterpart is a matter of subjective judgment, and it is part of the broader discussion of
how we develop technical evaluation metrics for theoretical situations.

A natural extension of this work will be to use synopses from other genres, thereby ensuring exhaustive analysis.
It may also be beneficial to analyze the posters for additional ethical concerns, such as biases related to sexuality,
socioeconomic status, and disability. Integrating these nuanced bias analyses into our methodologies will lay the
groundwork for future debiasing methods by providing a more comprehensive understanding of which biases require
the most reduction in Al systems.
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