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Abstract

Image reward models are used to finetune and improve diffusion
models. Therefore any biases contained within these models can be
exploited, leaving the generative model vulnerable to reward
hacking. We explore how the attractiveness of faces impact the
rewards assigned to an image, designing a new benchmark to
measure the effect. In particular, we find that human preference
models confuse attractive Al-generated faces with high quality,
realistic images, assigning higher rewards for more attractive
people. To our knowledge, we are the first to recognize this
tendency in image reward models.

Code can be found at:

https://github.com/harveymannering/AI Manipulation Hackatho
n.
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An exciting recent development in diffusion models is to use human feedback to
improve generations. Following on from the success in language models,
reinforcement learning with human feedback (RLHF) or supervised fine-tuning
(SFT) can be used to refine an image generator to produce better quality images
(Fan et al., 2023), (Clark et al., 2023). However, these techniques require reward
models trained on human preference data. In language models the use of human
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preference data has resulted in sycophancy bias, where LLMs will produce
responses that correspond to a user's prior belief over what is true (Sharma et al.,
2023). We look to explore where human preference models in images could lead to
a similar effect.

Recent research shows that many image generation models exhibit different kinds
of biases. Models tend to generate images that match mainstream beauty standards,
often overriding prompts (Dinkar et al., 2025). Furthermore, many models are
more likely to favour attractive faces when making unrelated decisions, for example
in hiring, judicial sentencing and credit granting (Gulati et al., 2025). Some
research also highlights that models that predict facial attractiveness contain ethnic
biases (Hamel et al., 2025) which also extends to text generation in LLMs
(Kamruzzaman., 2024).

Recent work in human psychology has found that attractive faces are less likely to
be judged as artificially generated (Makowski et al., 2024). Inspired from this
research we question whether this tendency replicates and causes issues for human
preference models, where users label more attractive face images as looking “more
realistic”. We therefore test if human preference models give higher rewards for
more attractive faces, and find that, for some models, there are strong to medium
correlations between the attractiveness of the faces and the rewards given. To our
knowledge, we are the first to document that this bias exists in these models. Since
human preference models are used to finetune diffusion models, either with
Reinforcement Learning with Human Feedback (RLHF) or Supervised fine-tuning
(SFT), this bias leaves diffusion models vulnerable to reward hacking, where
learning to maximize human preference results in identifying attractive faces as
real, and non-attractive as Al-generated.

Our contributions are:

e We develop a synthetic facial dataset annotated for attractiveness, gender,
and age.

e We show that diffusion models tend to associate attractiveness as being
female.

e We provide empirical evidence that reward models classify attractive faces
as more realistic and less attractive faces as more likely Al-generated.
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1. Methods

Do pretrained diffusion models have stereotypes about attractive and unattractive faces?
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Figure 1: Overview of Pipeline: Stagel: We generate images from diffusion model and use a
classifier to annotate the images. Stage2: The generated images are evaluated by a reward
model that assigns each image a realism score. In the final step, we assess whether the
reward models exhibit bias with respect to attributes such as gender, age, or attractiveness
when predicting image realism.

To measure facial beauty bias in human preference models we create a benchmark
of 300 synthetically generated images. We use FLUX.1 Kontext to generate
images using the prompts:

e "a portrait photo of an attractive face"
e "a portrait photo of a face"
e "a portrait photo of an unattractive face"

In our prompts we specify “attractiveness” because “beauty” is culturally
associated with women. For each prompt we generated 100 images using 40
inference steps. We hypothesize that various reward/human preference models
(used in RLHF for diffusion models) will have picked up the bias from humans that
more attractive faces look more realistic.

Our benchmark also includes labels for the estimated age and gender of each image
obtained using the SwinFace model (Qin et al., 2023). Interestingly, we find that
FLUX.1 Kontext is significantly more likely to generate a female face if the word
attractive is included in the prompt.
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Figure 2 - Example images from our dataset generated using FLUX.1 Kontext. These
example images used the same starting seed but different prompts.

2. Results

We calculate the score for all 300 images in our dataset for four image reward
models (including three human preference models): ImageReward (Xu et al.,
2023), PickScore (Kirstain et al., 2023), HPSv2 (Wu et al., 2023), and
Qwen3-VL-8B-Instruct (Bai et al., 2025). These models are trained to predict
which Al generated images humans prefer and are often used as a proxy for image
quality.

For Qwen3-VL-8B-Instruct, we followed a generative procedure to evaluate the
model. Specifically, we prompted the model to decide how likely the image is
Al-generated on a scale from 1 to 10, with 10 being highly likely and 1 being
unlikely. The prompt template we have used can be found on the Appendix. Finally,
we normalised the output following a similar normalisation procedure used by
Rajpurkar et al. (Rajpurkar et al., 2018). Several in-depth figures can be found on
the Appendix. Evaluation setup for ImageReward, HPSv2, and PickScore can be
found in the Appendix.

In table 1 we calculate the correlation coefficient between the between human
preference scores and the estimated facial attractiveness of each (predicted using
SwinFace).
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Model Correlation Coefficient
ImageReward -0.0701

PickScore 0.6141

HPSv?2 0.5961
Qwen3-VL-8B-Instruct 0.2671

Table 1 - Correlations between perceived facial attractiveness in our generated images and
the reward assigned to each image.

We find that for PickScore and HPSv2, more attractive faces have a strong to
medium correlation with the human preference score, suggesting that the
psychological tendency to see more attractive faces as more realistic may have been
distilled into current human preference models for vision.

3. Discussion and Conclusion

In this work, we create a benchmark of 300 Al-generated face images with
attractiveness labels. These can then be used to probe reward models to detect if
there is a bias towards attractive faces. We find that image reward models, and in
particular human preference models, which are often used as a proxy for image
quality, label more attractive facial images as better quality. To the best of our
knowledge we are the first to notice this tendency in human preference models.

Since these models are used to finetune diffusion models, via either RLHF or SFT,
this has concerning implications for reward hacking. PickScore and HPSv2 are
intended to improve image quality and text-image alignment, however, our results
suggest that using these models as rewards during fine-tuning risks improving
facial attractiveness at the expense of true alignment.

Studies suggest that the dominance of attractive faces on social media platforms
and in the media has led to an increase in occurrences of body dysmorphic disorder
(Laughter et al., 2023). This phenomena would only increase with the majority of
artificially generated faces being attractive.

Additionally, generative models have been shown to encode westernised beauty
conventions (Stacy, 2025). This adversely affects young people of different
ethnicities who may grow up believing that whiteness is the standard for beauty.

4. Future Work

Our study is based completely on Al-generated images as it requires special ethical
approvals to use human faces data. There are currently real images datasets
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available (e.g. CelebA, BFFHQ etc) that can be further used to get more evidence
for this study. We strongly believe that there is a bias that current models find
attractive faces to be more realistic. This study can be continued to perform further
experiments on real-world datasets. Lastly, we plan to expand our investigation of
VLMs to other model architectures and sizes.
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6. Appendix
6.1. Security Considerations
Below we have listed the security considerations for this project:

e Limitations - While we have found several strong correlations suggesting
attractiveness bias, correlation does not mean causation. Further analysis is
needed to determine if attractive faces have a causal link to the higher
rewards.

e Dual-use risks - We do not believe our method can be used to train better
manipulators.

e Responsible disclosure recommendations - The project has avoided the use
of any personal or sensitive data.
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e [Kthical considerations in your approach - We intentionally used
Al-generated images to avoid ethical concerns around real face image
datasets.

e Suggestions for future improvements - Examine reward hacking on
diffusion models using thess reward model. Do these biases also exist when
these reward models are run on real image datasets?

6.2. Human Preference Model Evaluation Setup

Prompts used for ImageReward, HPSv2, and PickScore were kept constant as "a
portrait photo of a face". In the main text attractiveness labels were obtained via
the SwinFace classifier, however we have also performed analysis with the using
labels obtained from the generation prompt (i.e. images generated with the prompt
“a photo of an attractive face” are labelled as attractive, images generated with the
prompt “a photo of an unattractive face” were labelled as unattractive). We found
similar correlations using these labels as with the classifier derived labels.

For the ImageReward, HPSv2, and PickScore results in the main body, we include
the following plots from which the correlation coefficients were derived. The y-axis
shows the attractiveness labels for the images (higher for more attractive) whereas
the x-axis shows the reward assigned to the image.

image_reward vs Prob flux pick vs Prob flux hps vs Prob flux
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Figure 3 - Correlation plots from human preference models ImageReward, PickScore and
HPSv2.

6.3. Qwen3-VL-8B Prompt

Below we share the prompt used during Qwen3-VL-8B inference. This was
inspired by commonly used prompting styles for this model as well as similar tasks
(Bai et al., 2025; Cai et al., 2025). The prompt is added following the input image
to evaluate.

This is an image of a human. Measure how likely it is Al-generated on a scale
between 1 to 10, with 1 being highly unlikely and 10 being highly likely.

6.3. Additional Qwen3-VL-8B Results

We have observed that Qwen3-VL-8B, when used to measure how likely an image
is Al-generated, has a weak correlation with SwinFace attractiveness
classifications. Moreover, when using the labels in our benchmark that were used to
generate the data, a much higher correlation is seen, suggesting a closer connection
between Qwen3-VL-8B and FLUX.1 Kontext. Additionally, most of
Qwen3-VL-8B predictions ranged between 7-9 suggesting the need for a thorough
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investigation including prompts-refinement. Lastly, we plan to conduct a more
rigorous and comprehensive VLM investigation in the future.

Qwen3-VL-8B, Scale 1 to 10, flux, Correlation Coefficient 0.26709 Qwen3-VL-8B, Scale 1 to 10, flux, Correlation Coefficient 0.50947
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Figure 4 - Shows Qwen3-VL-8B results when evaluated on our benchmark. (Left)
Shows a weak correlation appearing between Qwen3-VL-8B classification of
Al-generated images and SwinFace classification of attractiveness. (Right) A much
higher correlation is seen when using our benchmark labels.
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