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ELLIS Unit in Alicante is unique: A science start-up 
• Only ELLIS unit with a clear focus: AI to drive positive societal impact

Research on the development of novel machine learning (ML) techniques to automatically recognize, 
model, and predict individual and aggregate human behavior from data.

Aggregate behavior modeling with a special focus on how AI can help achieve the 17 Sustainable 
Development Goals and contribute to Social Good.

Artificial Intelligence to 

Understand Us

Artificial Intelligence to 

Interact with Us
Development of novel Intelligent, interactive systems

Research on the development of new machine learning approaches to build intelligent user 
interfaces that interact with humans. Areas of focus include context-sensitive mobile services, novel 

mobile applications to help people, persuasive computing, wearables, and personal assistants 
(chatbots). 

Artificial Intelligence 

that we Trust
Research on how to address the ethical challenges of current AI systems, their risks, and the potential 

negative consequences stemming from the use of machine learning tools. Areas of work include 
research on algorithmic discrimination, lack of transparency and veracity, computational violations of 
privacy, subliminal manipulation of human behavior, fragility of AI systems, and the social impact of AI 
systems that are widely used on social platforms, services, and mobile apps used by billions of people.



Overview of Projects 

Social media: Technical study of AI-

based beauty filters; Content 

moderation algorithms, and Text-to-

Image generation

Privacy (Federated Learning or FL): 

Client selection in FL; Model 

integration in heterogeneous FL; 

Data heterogeneity in FL (FedDiverse)

Education: Maike, an LLM-based 

educational chatbot to promote 

critical thinking

Mental Health: Risks and limitations of 

LLMs in mental health 

(M)LLMs: Representation biases in 

training corpora; Safety risks of LLMs; 

Ethical implications in human-LLM 

interaction; Prompt moderation;

Fairness, biases, stereotyping:  

Algorithmic fairness

AI Regulation

Explainable AI: Human-centric 

approaches to Explainable AI

Human cognitive biases and AI: 

Impact of AI on cognitive biases; 

Cognitive biases in MLLMs
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Biases 
in the Beautyverse

Piera Riccio
Graduating ELLIS PhD Student



We live in a world of Social Media
• There are 4.76 billion social media users which are 59.4% of the world's 

population.

• An average user spends 2 hours and 31 minutes daily on social media.

• Teens showed an increase in their daily screen time from 7 hours and 22 

minutes to 8 hours and 39 minutes in 2022

• 26% of social media platform users are aged 18-29 years

• Half of our time on our phones in 2022 was spent on social media

• China and India have the largest number of social media users with 1.02 

billion and 722 million, respectively, followed by the US with 302 million users



Self-representation in the Digital World: The Beautyverse

• Self-representation is of paramount importance in social media platforms

• Thanks to AI techniques, we can beautify ourselves in real-time using AR-based 

filters applied to our selfies 



Self-representation in the Digital World: The Beautyverse

• 85% of girls have downloaded a filter or used an app to change how the 

look in photos by age 13 (2020, Dove self-esteem project)

• 90% of young women reported using filters or editing their photos (Univ 

London Gender and Sexualistis Research Center, 2021)

• These filters contribute to the definition and adoption of new facial 

aesthetics, with significant social and cultural impact, such as an 

exponential increase in teen plastic surgeries and mental health issues



Beauty Filters: Challenges 
Societal: 

Impact of self-perception leading to dysmorphia, 

cognitive dissonance, plastic surgery, anxiety… 

AI-enabled definition of canons of beauty 

Technical:

Lack of research datasets to study the 

characteristics of these filters 



Open Filter

Riccio, P., Psomas, B., Galati, F., Escolano, F., Hofmann, T., & Oliver, N. (2022). OpenFilter: a framework to democratize 

research access to social media AR filters. Advances in Neural Information Processing Systems, 35, 12491-12503.

Beauty filters are very hard to study due to a lack of publicly available data

We created two publicly available datasets of beautified faces: 

FairBeauty and B-LFWA

Open Filter: A custom framework to apply social media AR-based filters on 

existing public collections of faces



Beauty Datasets
We selected 8 beauty filters based on their popularity on social media and we have beautified 

two different existing datasets:
•FairFace [1], a diverse and fair collection of faces, generating FairBeauty.

•LFW [2], benchmark dataset for face verification, generating B-LFW.

[1] Kimmo Karkkainen and Jungseock Joo. 2021. FairFace: Face Attribute Dataset for Balanced Race, Gender, and Age for Bias Measurement and Mitigation. In IEEE/CVF 
Winter Conference on Applications of Computer Vision (WACV), 1548–1558. 

[2] Huang, G. B., Mattar, M., Berg, T., & Learned-Miller, E. (2008, October). Labeled faces in the wild: A database forstudying face recognition in unconstrained 
environments. In Workshop on faces in'Real-Life'Images: detection, alignment, and recognition.

Example of the eight different beauty 
filters applied to the left-most image [2]. 
From left to right and top to bottom: filter 
0 "pretty" by herusugiarta; filter 1 "hari
beauty" by hariani; filter 2 "Just Baby" by 
blondinochkavika; filter 3 "Shiny Foxy", 
filter 4 "Caramel Macchiato" and filter 5 
"Cute baby face" by sasha_soul_art; filter 
6 "Baby_cute_face_" by anya__ilicheva; 
filter 7 "big city life" by triutra. 

https://ellisalicante.org/datasets/OpenFilter



RQ1 – Do beauty filters reduce diversity? 

RQ2 – Do beauty filters impact recognizability? 

RQ3 – Are there racial biases encoded in the beauty filters?

Attractiveness and Beauty Filters: Research Questions

“OpenFilter: A Framework to democratize Research Access to Social Media AR filters”
Piera Riccio, Bill Psomas, Francesco Galati, Francisco Escolano, Thomas Hofmann, Nuria Oliver, NeurIPS

2022 – Datasets and Benchmark track

“Mirror, Mirror on the Wall, Who Is the Whitest of All? Racial Biases in Social Media Beauty Filters
P Riccio, J Colin, S Ogolla, N Oliver, Social Media+ Society 10 (2), 20563051241239295”

RQ4 – What is the interplay between beauty filters and cognitive biases? 

“What is beautiful is still good”, Gulati et al. Royal Society Open Science, 2024

RQ5 – Do MLLMs and T2I models exhibit an attractiveness bias? 

“Beauty and the Bias: Exploring the impact of attractiveness on MLLMs”, Gulati et al. AIES, 2025

“The Aesthetics of Harm: Algorithmic Lookism in Generative AI and its Systemic Propagation”, 
Doh et al. submitted 2025



RQ1: Do beauty filters reduce diversity? 
We analyzed five different versions of the faces to address RQ1. 

From left to right: 

A beautified version using OpenFilter, 

The original version, 

A blurred version with a Gaussian filter at radius 2, 

A blurred version with Gaussian filter at radius 3, 

A down-sampled (pixelated) version to 64x64 pixels.



RQ1: Do beauty filters reduce diversity? 

Boxplots of the differences in the distance metric obtained for filtered image pairs versus 

the metric obtained for the corresponding original pairs of images. 

A value of 0 means that there is no difference between the original distance and the 

distance after applying a transformation to the pairs of faces 

A negative value indicates that an image pair was more similar (lower distance 

metric) when beautified as compared to the original pair.



RQ1: Do beauty filters reduce diversity? 
Paired t-test results comparing the similarity distributions of the original and the 

beautified faces. Each column corresponds to a different sample of 500 pairs of 

images, processed with a different model. All the differences are statistically significant

In all cases, the measurements obtained on the beautified pairs of faces have lower 

average distance than those of the original dataset. 

In other words, according to these experiments, the beautified faces are statistically 

more similar to each other than the original faces



RQ2: Do beauty filters impact recognizability?
We tested three state-of-the-art face verification algorithms (CurricularFace, 

MagFace and ElasticFace) on the non-beautified and beautified versions of 

the faces 



RQ3: Do beauty filters encode a racial bias?

•We select two datasets of faces: the first one has original faces 

(FairFace) and the second the beautified version of the same 

faces (FairBeauty).

•We test two algorithms, DeepFace[1] and FairFace [2], for race 

detection on the datasets.

[1] Serengil, Sefik Ilkin, and Alper Ozpinar. "Lightface: A hybrid deep face recognition framework." 2020 innovations in intelligent systems and applications 

conference (ASYU). IEEE, 2020.

[2] Kimmo Karkkainen and Jungseock Joo. 2021. FairFace: Face Attribute Dataset for Balanced Race, Gender, and Age for Bias Measurement and 

Mitigation. In IEEE/CVF Winter Conference on Applications of Computer Vision (WACV), 1548–1558. 



RQ3: Do beauty filters encode a racial bias?

•We compare the performance of the algorithms on the 

datasets. Is there a shift in the performance on different 

races? Do these filters enhance characteristics of specific 

races?

•In addition to the beautified version, we include two blurred 

versions of the original image



Riccio, P., & Oliver, N. (2022, October). Racial bias in the beautyverse: evaluation of augmented-reality beauty filters. In European 
Conference on Computer Vision (pp. 714-721). Cham: Springer Nature Switzerland.

Riccio, P., Colin, J., Ogolla, S., & Oliver, N. (2024). Mirror, Mirror on the wall, who is the whitest of all? Racial biases in social media beauty 
filters. Social Media and Society .

YES: Beauty filters make people look "whiter"

RQ3: Do beauty filters encode a racial bias?

DeepFace FairFace

https://ellisalicante.org/publications/riccio2024mirror-en/
https://ellisalicante.org/publications/riccio2024mirror-en/


RQ3: How do beauty filters encode a racial bias?

Overlap

Brightness

𝐶 ⊂ 𝑋 is the set of images for which 𝑥 and 𝑥𝑏 are classified correctly

𝐹 ⊂ 𝑋 is the set of images for which 
(1) 𝑥 is classified correctly as non-white but 𝑥𝑏 is classified incorrectly as white or 

(2) 𝑥 is classified incorrectly as non-white and 𝑥𝑏 is classified correctly as white



RQ3: How do beauty filters encode a racial bias?

As a result of the beautification process, the race 
detection algorithms –and especially FairFace– focus 

on different facial parts than those used when 

analyzing the original image 𝑥

The parts of the images analyzed by the race

classification algorithms to wrongly determine the race of 

the beautified faces (set 𝐹 ) tend to be brighter than the

parts used in the correctly classified images (set 𝐶), 

especially in the case of the FairFace algorithm
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RQ3: How do beauty filters encode a racial bias?

The changes made by beauty filters 

encompass complex 

modifications to the facial features 

and skin texture or color, beyond a 

simple brightening of the face. 

The Figure highlights two examples from the set 𝐹

where the FairFace algorithm focuses on the same
facial features both in 𝑥 and 𝑥𝑏 and the focus area is 

not brighter yet 𝑥𝑏 is misclassified as white but 𝑥 is 

correctly classified



To Sum Up
RQ1 – Do beauty filters reduce diversity?

YES, they reduce facial diversity 

RQ2 – Do beauty filters impact recognizability?

NO, they do not significantly impact recognizability

RQ3 – Is there a racial bias in the beauty filters? 

YES, there is a “white” racial bias

The reasons for such bias are complex
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Beauty Filters and Cognitive Biases
Attractiveness Halo Effect

Aditya Gulati
Graduating ELLIS PhD Student



Human Cognitive Biases
A cognitive bias is a systematic pattern of deviation from norm or 

rationality in judgment. Individuals create their own "subjective 

reality" from their perception of the input.

An individual's construction of reality, not the objective input, 

guides their behavior in the world.

Cognitive biases may sometimes lead to perceptual distortion, 

inaccurate judgment, illogical interpretation, or what is broadly 

called irrationality.

Kahneman D, Tversky A (1972). "Subjective probability: A judgment of 
representativeness" (PDF). Cognitive Psychology. 3 (3): 430–454. doi:10.1016/0010-0285(72)90016-3. 

https://en.wikipedia.org/wiki/Norm_(philosophy)
https://en.wikipedia.org/wiki/Objectivity_(philosophy)
https://en.wikipedia.org/wiki/Behavior
https://en.wikipedia.org/wiki/Irrationality
https://web.archive.org/web/20191214120047/http:/datacolada.org/wp-content/uploads/2014/08/Kahneman-Tversky-1972.pdf
https://web.archive.org/web/20191214120047/http:/datacolada.org/wp-content/uploads/2014/08/Kahneman-Tversky-1972.pdf
https://en.wikipedia.org/wiki/Doi_(identifier)
https://doi.org/10.1016%2F0010-0285%2872%2990016-3
https://doi.org/10.1016%2F0010-0285%2872%2990016-3
https://doi.org/10.1016%2F0010-0285%2872%2990016-3
https://doi.org/10.1016%2F0010-0285%2872%2990016-3
https://doi.org/10.1016%2F0010-0285%2872%2990016-3


Human 

Cognitive 

Biases



Impact of Cognitive Biases

• Gambler’s Fallacy

• Denomination Effect

• Travis Syndrome

• Dunning-Kruger Effect

• Illusion of Control

• Illusory Correlation

• Loss Aversion

• Status Quo Bias – default

• Anchoring Bias

• Framing Bias

• Ingroup Bias

• Bandwagon Effect

Casinos Marketing



Impact of Cognitive Biases

• Confirmation Bias

• Coverage Bias

• Concision Bias

• Authority Bias

• Dunning-Kruger Effect

• Availability Cascade

• Framing Effect

• InGroup Effect

• False consensus

• Declinism

• Halo Effect

Elections



Impact of Cognitive Biases

• Racial Bias

• Anchoring Bias

• Framing Effect

• Gambler's fallacy

• Tiredness and hunger

• Confirmation Bias

• Anchoring Bias

• Affect Heuristic

• Outcomes Bias

Judges Doctors



Cognitive Biases and AI Systems

• As we increasingly interact with AI 
systems and as AI systems make 
important decisions about us, it is of 
paramount importance to study the 
relationship between our cognitive
biases and AI algorithms



Cognitive Biases and AI Systems
• To do so, we need to 

classify biases into 
categories along the 
human decision-making 
cycle to aid research in 
the interaction between 
human cognitive bias and 
AI systems

• Select biases that
• Have the most empirical, 

scientific support

• Are the most relevant for the 
design of AI systems

Attractiveness 

Halo Effect

Under review IEEE Internet Computing Special Issue on Humans Meet AI; 

Follow up of "BIASeD: Bringing Irrationality into Automated System Design" presented at AAAI Fall Symposium 2022 on 
Thinking Fast and Slow and Other Cognitive Theories in AI.



• “What is beautiful is good” → Attractive individuals are perceived as more 
intelligent, trustworthy, competent, hirable, less likely to be criminals, etc…. 

• Appearance biases our decisions even when they should not in domains such as 
hiring, sentencing, fund raising / investing, credit granting….

5 years
Efran, Michael G. "The effect of physical appearance on the judgment of guilt, interpersonal attraction, and severity of recommended punishment in a simulated jury 

task." Journal of Research in Personality 8.1 (1974): 45-54.

3 years7 years

The Attractiveness Halo Effect



RQ1 – Do beauty filters reduce diversity? 

RQ2 – Do beauty filters impact recognizability? 

RQ3 – Are there racial biases encoded in the beauty filters?

Attractiveness and Beauty Filters: Research Questions

“OpenFilter: A Framework to democratize Research Access to Social Media AR filters”
Piera Riccio, Bill Psomas, Francesco Galati, Francisco Escolano, Thomas Hofmann, Nuria Oliver, NeurIPS

2022 – Datasets and Benchmark track

“Mirror, Mirror on the Wall, Who Is the Whitest of All? Racial Biases in Social Media Beauty Filters
P Riccio, J Colin, S Ogolla, N Oliver, Social Media+ Society 10 (2), 20563051241239295”

RQ4 – What is the interplay between beauty filters and cognitive biases? 

“What is beautiful is still good”, Gulati et al. Royal Society Open Science, 2024

RQ5 – Do MLLMs and T2I models exhibit an attractiveness bias? 

“Beauty and the Bias: Exploring the impact of attractiveness on MLLMs”, Gulati et al. AIES, 2025

“The Aesthetics of Harm: Algorithmic Lookism in Generative AI and its Systemic Propagation”, 
Doh et al. submitted 2025



• What happens when we beautify our 
faces with AI-based beauty filters? 

• Images of 462 different individuals and 
their beautified counterparts
• Gender balanced

• Large diversity and age and ethnicity

• Neutral expressions, uniform background

• 2748 participants
• Everyone rated 10 images

• 5 with filters, 5 without

Our Study: The Beauty Survey



Methodology 



attractive

happy

intelligent

trustworthy

sociable

An Example



RQ1: Do Beauty Filters work? 



• Age matters in perceptions 
of attractiveness
• Younger people get higher 

attractiveness scores

Do Age, Gender and Ethnicity matter?

• Gender matters in 
perceptions of 
attractiveness
• Females get higher 

attractiveness scores

• Ethnicity does not!



RQ2: Does the attractiveness halo effect exist after beautification? 

*** indicates the p-value < 0.001Wilcoxon paired rank tests

YES! Individuals are generally perceived as more attractive, intelligent, 

trustworthy, sociable and happy after beautification 



Is beauty in the eye of the beholder?

New scales for attractiveness using OSM’s

Inclusion of the participant attributes in the models 



Is beauty in the eye of the beholder?

Gender of the rater

Images of

Females

Males

Before After



Are other attributes also in the eye of the beholder?

Intelligence Trustworthiness

Images of

Females

Males

Before BeforeAfter After



Could beauty filters mitigate the halo effect? 

Beauty Filter

* Graphs are illustrative and not based on real data from the study



Saturation of the halo effect 

● Reduced correlation between attractiveness and (1) intelligence
and (2) trustworthiness after beautification i.e., applying a beauty 
filter helps mitigate the effect

● Saturation of the effect in intelligence and trustworthiness

● This phenomenon does not occur with sociability and happiness

● Indicates that beauty filters could be used to mitigate the 
attractiveness halo effect as hypothesized, but not always

*** represents p < 0.001

Before After

Before

After



Summary of Findings 
• Beauty filters increase perceptions of attractiveness for almost everyone

• The same individuals are perceived as more intelligent, trustworthy, sociable and happier after 

beautification 

• Age and gender matter in perceptions of attractiveness, ethnicity does not!

• Beauty filters partially mitigate the attractiveness halo effect

• Beauty filters exacerbate female gender stereotypes

• There is a need for transparency and ethical guidelines surrounding the use of beauty filters in 

the digital world, including the metaverse

“What is Beautiful is Still Good: The Attractiveness Halo Effect in the era of Beauty Filters”, Gulati et al, to 

Royal Society Open Science Journal, Nov 2024, Top 5% world 





From Research to Regulation
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RQ1 – Do beauty filters reduce diversity? 

RQ2 – Do beauty filters impact recognizability? 

RQ3 – Are there racial biases encoded in the beauty filters?

Attractiveness and Beauty Filters: Research Questions

“OpenFilter: A Framework to democratize Research Access to Social Media AR filters”
Piera Riccio, Bill Psomas, Francesco Galati, Francisco Escolano, Thomas Hofmann, Nuria Oliver, NeurIPS

2022 – Datasets and Benchmark track

“Mirror, Mirror on the Wall, Who Is the Whitest of All? Racial Biases in Social Media Beauty Filters
P Riccio, J Colin, S Ogolla, N Oliver, Social Media+ Society 10 (2), 20563051241239295”

RQ4 – What is the interplay between beauty filters and cognitive biases? 

“What is beautiful is still good”, Gulati et al. Royal Society Open Science, 2024

RQ5 – Do MLLMs and T2I models exhibit an attractiveness bias? 

“Beauty and the Bias: Exploring the impact of attractiveness on MLLMs”, Gulati et al. AIES, 2025

“The Aesthetics of Harm: Algorithmic Lookism in Generative AI and its Systemic Propagation”, 
Doh et al. submitted 2025



Lookism: an overlooked bias in Computer Vision

“Lookism, the overlooked bias in computer vision”, Gulati, Lepri and Oliver, to appear at ECCV 2024, workshop on Fairness 

and ethics towards transparent AI: facing the chalLenge through model Debiasing (FAILED)

Discriminative

[Decision]

Generative

Lookism: Preferential treatment of individuals based on their physical appearance.  

Algorithmic Lookism: Lookism present in AI-based algorithms

Lookism might exist in image generation and 

multimodal generative systems, leading to 

representational biases in the content they create

Image or multimodal-based decision-making systems 

might be impacted by lookism, which can lead to unfair 

treatment and reinforcement of societal biases



Lookism: an overlooked bias in Computer Vision

Impact: The oversight of lookism can result in systemic 

disadvantages and discrimination for individuals who do not 

conform to prevailing aesthetic norms, affecting their opportunities 

and how they are perceived and judged by automated systems. 

Gulati, A., Lepri, B., & Oliver, N. (2022). Lookism: the overlooked bias in computer vision. ECCV’24, workshop 

on Fairness and ethics towards transparent AI: facing the chalLenge through model Debiasing (FAILED)



Discriminative: Are MLMM systems impacted by attractiveness? 

RQ1: Does appearance matter for MLLM decisions?

o Are there statistically significant differences in the 

distribution of the responses given to faces depending on 

their attractiveness? 

RQ2: Do MLLMs exhibit an attractiveness halo effect?

o Is attractiveness associated with more positive traits also in 

MLLMs?



Discriminative: Lookism in MLLMs

“Beauty and the Bias: Exploring the Impact of Attractiveness on Multimodal Large Language Models”, to appear at the 

AAAI conference on AI, Ethics and Society, https://doi.org/10.48550/arXiv.2504.16104

Using A-HEAD (the Attractiveness Halo Effect Attribution Dataset) we evaluate 7 large open-
source MLLMs on 91 unique scenarios related to jobs, traits and conditions 



Discriminative: Lookism in MLLMs

“Beauty and the Bias: Exploring the Impact of Attractiveness on Multimodal Large Language Models”, to appear at the 

AAAI conference on AI, Ethics and Society, https://doi.org/10.48550/arXiv.2504.16104

We observe consistent tendencies of an attractiveness bias (83.8%) and the attractiveness halo 
effect (92.6%) in MLLMs

First evidence reported in the literature. In addition, we reveal intersectional gender (76.5%), 
age (69.2%) and race (62.3%) biases. 



Generative: When Algorithms Play Favorites

RQ1: Do synthetic faces generated by diffusion models 

exhibit algorithmic lookism, i.e. an implicit correlation 

between attractiveness and unrelated attributes?

RQ2: Does algorithmic lookism impact the performance 

of downstream tasks, particularly gender classification?



Generative: When Algorithms Play Favorites

“When Algorithms Play Favorites: Lookism in the Generation and Perception of Faces”, Doh, et al. Extended abstract at 

the Fourth European Workshop on Algorithmic Fairness (EWAF) 2025, Submitted to IEEE TIST 2025 

24,600 images generated across 5 attributes (attractiveness, happiness, 

intelligence, sociability and trustworthiness) with 3 race categories (Asian, 

White, Black) and 2 genders (Woman, Man) using Stable Diffusion 2.1 and 

Stable Diffusion 3.5



When Algorithms Play Favorites

“When Algorithms Play Favorites: Lookism in the Generation and Perception of Faces”, Doh, et al. Extended abstract at 

the Fourth European Workshop on Algorithmic Fairness (EWAF) 2025, Submitted to IEEE TIST 2025 



Generative: When Algorithms Play Favorites

“When Algorithms Play Favorites: Lookism in the Generation and Perception of Faces”, Doh, Gulati, Mancas and Oliver. 

Extended abstract at the Fourth European Workshop on Algorithmic Fairness (EWAF)

• Using CLIP embeddings of the 
images, we compute the distances 
between the centroids of the images 
generated with the 
attractive/unattractive descriptor to 
those with other positive/negative 
trait pairs

• Images generated with positive trait 
terms are closer to attractive images
and vice versa



Generative: Impact on Downstream Apps

“When Algorithms Play Favorites: Lookism in the Generation and Perception of Faces”, Doh, et al. Extended abstract at 

the Fourth European Workshop on Algorithmic Fairness (EWAF) 2025, Submitted to IEEE TIST 2025 

Women

Women

Men

Men

• We evaluate the gender classification performance of 3 classifiers (InsightFace, DeepFace and FairFace) 

• Significant difference in the performance of depending on whether the images were generated with 
positive vs negative trait terms and for different genders and race groups 



Are T2I models getting better or worse? 

“When Algorithms Play Favorites: Lookism in the Generation and Perception of Faces”, Doh, et al. Extended abstract at 

the Fourth European Workshop on Algorithmic Fairness (EWAF) 2025, Submitted to IEEE TIST 2025 

• Images generated with SD3.5 have higher resolution and photorealism, but 
they tend to depict younger and more attractive and homogeneous 
individuals than those generated with SD2.1. 



Biases are everywhere…
● We are embedding our own biases in social media filters and T2I 

generative AI models

● While there is a lot of research on algorithmic biases regarding 
gender and race, humans have tens of cognitive biases, which 
could be exacerbated in human-AI systems 

● Machine learning models, including MLLMs and T2I models, biases 
consistent with our cognitive biases with an impact on downstream 
tasks and intersectional effects with age, gender and race

● Our results call for additional research on the interplay between 
cognitive biases and ML algorithms and for the need for broader 
definitions of biases in the design, development and evaluation of 
ML systems 



Riccio, P., Psomas, B., Galati, F., Escolano, F., Hofmann, T., & Oliver, N. (2022). OpenFilter: A 

Framework to Democratize Research Access to Social Media AR Filters. Thirty-sixth 

Conference on Neural Information Processing Systems Datasets and Benchmarks Track .

Riccio, P., & Oliver, N. (2022). Racial Bias in the Beautyverse. European Conference on 

Computer Vision 2022. Workshop on CV4Metaverse

Open Filter and Datasets: https://ellisalicante.org/datasets/OpenFilter

Riccio, P., Oliver, J. L., Escolano, F., & Oliver, N. (2022). Algorithmic Censorship of Art: A 
Proposed Research Agenda 13th International Conference on Computational Creativity.

Relevant publications

Riccio, P, Colin, J., Ogolla, S. & Oliver, N., “Mirror, Mirror on the Wall, Who Is the Whitest of All? 
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