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Abstract. Implicit biases, subtle and unconscious attitudes, perme-
ate various facets of human decision-making and are similarly perva-
sive in Artificial Intelligence (AI) systems. These biases can stem from
shortcut learning, where models rely on superficial patterns that do
not capture the underlying phenomena. Inspired by social psychology
literature, we introduce two novel metrics to analyze implicit biases
in visual-language models. Our comprehensive analysis of 90 open-clip
models reveals widespread anomalies related to ethnicity and gender.
The first metric considers the cosine similarity between images and text
prompts related to social stereotypes. The second metric adapts the Im-
plicit Association Test (IAT), which evaluates prejudice and hidden dis-
crimination within human behavior. Our findings illustrate that con-
ventional text-based debiasing efforts can inadvertently amplify second-
order biases instead of mitigating them. Furthermore, in expanding our
evaluation to multimodal Large Language Models (LLMs), we demon-
strate disparities in the tendency to generate semantically positive or
negative outputs, depending on the ethnicity or gender of the indi-
viduals depicted in the input images. The code is available at https:
//github.com/Jackpepito/vl_implicit_biases
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1 Introduction

Foundational vision-language models like CLIP [40| have significantly advanced
capabilities in tasks like retrieval |21], recognition [1554], and generation [3].
These models are typically pre-trained on vast datasets drawn from various in-
ternet sources. While such datasets are invaluable for their diversity and vol-
ume [40], they also risk instilling intrinsic biased knowledge.

Biases often occur from spurious correlations, where models inadvertently
associate unrelated attributes, potentially leading to biased decisions and unfair
outcomes post-deployment |17}[18]. For example, in healthcare, biased AT models
can lead to misdiagnoses or inconsistent treatment effectiveness, disproportion-
ately impacting marginalized communities [14}39,/45]. Studies have highlighted
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how such biases can induce racial disparities in patient care and treatment out-
comes [37]. Similarly, Al systems can perpetuate social inequalities in criminal
justice, financial services, and employment |35].

Despite various proposed debiasing strategies exist, ranging from supervised
methods that adjust training data based on protected attributes [25/44] to unsu-
pervised techniques that modify training objectives [6}/34,49.57|, standard bias
evaluation benchmarks usually fail to evaluate the complex interplay of hidden
biases which influence model outputs [1]. Recent studies use prompt-based mea-
sures informed by psychology to measure subtle discrimination in LLMs that do
not show explicit bias on standard benchmarks [1]. Social psychology provides
valuable insights into the distinction between implicit and explicit biases, as psy-
chologists have long recognized that these two types of bias differ [2L[19]. Then,
it is clear that the AI community could benefit from a multidisciplinary perspec-
tive for evaluating the unintentional, uncontrollable, and purely stimulus-driven
biases [1].

Given these challenges, our contribution is twofold: (¢) inspired by social
psychology literature, we introduce an adaptation of the Implicit Association
Test (IAT) and the Common Language Effect Size (CLES) to evaluate social
biases in vision-language models. Using these measures, we analyze 90 open-
clip models [8], demonstrating that most of them exhibit stereotypes towards
different populations along axes of ethnicity and gender. (i1) We analyze text
generated by IDEFICTS |[27], an open-source multimodal LLM, to measure the
likelihood of the model generating responses with positive/negative semantic
connotations, depending on the images depicting various demographic groups.

2 Related Works

Avoiding Spurious Correlations. Debiasing techniques aim to ensure fair-
ness and robustness in machine learning models by mitigating the impact of spu-
rious correlations. Traditional methods like Distributionally Robust Optimiza-
tion (DRO) [42], and GroupDRO [43] aim to optimize performance across vary-
ing data distributions, but they require sensitive attribute annotations, posing
practical challenges in real-world scenarios. Unsupervised methods have gained
traction [29,34}/36] as they do not need protected-group labels.

Unsupervised Debiasing Techniques. Recent research has focused on un-
supervised methods for scenarios where access to protected group labels is lack-
ing [301/34,|57], while other approaches employ cluster-based assignments as a
proxy for sensitive attribute supervision [49,/50]. For example, ClusterFix [6]
integrates cluster-based DRO and a re-weighting sample importance strategy.
However, these methods typically investigate only one modality at a time, either
textual or visual.

Handling Biases in Vision-Language Models. Research on biases in vision-
language models like CLIP has revealed their tendency to inherit prejudices from
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Table 1: Overview of models and attributes used to measure implicit biases.

Model Attributes

Competence: Competent, Intelligent, Skillfull

SCM Warmth: Warm, Friendly, Likeable

Positive: Surprise, Attraction, Pleasure, Compassion, Serene, Happiness

Emotions Negative: Anger, Disgust, Fear, Shame, Bitterness, Contempt

Positive: Positive, Warm, Trusting, Friendly, Respectful, Admirable

Semantic Negative: Negative, Cold, Suspicious, Hostile, Contemptive, Disgusting

large, uncurated datasets. Various methods have been proposed to contrast these
biases by using balanced data during training |11,/31]. Novel approaches involve
debiasing vision-language models by projecting out biased directions in text
embeddings using biased prompts [9]. While effectively reducing some generic
biases, this method does not address implicit ones [1]. Inspired by social psy-
chology literature, our study highlights characteristics frequently disregarded in
standard benchmarks. Acknowledging proxy attributes is crucial for identifying
hidden discrimination, especially given the widespread use of these models in
human-centered disciplines and their influence on our understanding of building
unbiased models.

3 Introducing Social Attributes

Inspired by social psychology, we rely on different theoretical accounts and mea-
sures to evaluate implicit biases. Detailed descriptions are provided below.

Stereotype Content Model (SCM). The Stereotype Content Model (SCM) [13]
aims to measure how individuals perceive and categorize social groups based on
two primary dimensions: Competence and Warmth. Specifically, each category is
characterized by multiple attributes: “Competence” includes attributes such as
Intelligent, Competent, and Skillful, while “Warmth” includes attributes such as
Friendly, Warm, and Likable (Tab. .

Emotions Attribution. Emotions play a key role in intergroup relations, shap-
ing how individuals perceive and interact with members of different groups. On
the one hand, research in Social Psychology shows that people often feel negative
emotions toward outgroup members [22|51], which can favor prejudice, discrimi-
nation, and intergroup conflict. On the other hand, people are more likely to feel
positive emotions toward ingroup members [4,24], which are crucial for group
cohesion and identity. Analyzing this type of prior could be useful for devel-
oping Al systems that interact with humans in socially sensitive ways, ensuring
these systems do not inadvertently perpetuate harmful stereotypes. The selected
emotions are shown in Tab. [Il
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Semantic Di Lerential Scale. The Semantic Differential Scale [38] is a tool
used to measure the connotative meaning of concepts. This scale involves clas-
sifying a concept (an image) on a series of bipolar adjective pairs (e.g., binary
classification like good - bad). In our study, the pairs included are: warm - cold,
trusting - suspicious, friendly - hostile, respectful - contemptive, admirable -

disgusting (Tab. [I).

4 Proposed Metrics

4.1 Measuring Bias in CLIP using the Common Language E [edt
Size (CLES)

We use the methodology developed for the Word Embedding Association Test
(WEAT) [5] to evaluate bias in CLIP, which measures the differential association
between two sets of target text concepts and visual embeddings. Here, A and B
represent two sets of image embeddings of equal size (for example, white male
and white female faces), and X 2 X, a set of text embeddings which use a specific
social attribute:

‘ “A photo of a <adjective> looking face” ‘

We define the cosine-similarity gap for a single text embedding X with respect
to sets A and B as follows:

AB) = £ costca) L cos(xb) (1)
X; A, = — COS(X; a —t COSs(X; X 1
o JAJ az2A ]B] b2B

which is extended to a set of text embeddings X:

1
gap(X;A; B)=:

iXj gap (G A; B): (2)

x2X

This measure quantifies the differential association of the target concepts (text
prompts) X with visual embeddings represented by A and B.

Interpreting gap: E[ecCt Size as a Probability. Effect sizes are crucial
in evaluating the outcomes of empirical studies. They determine whether an
experimental intervention or manipulation yields a statistically significant effect
and, if so, the magnitude of this effect. An example of effect size is the Cohen’s
d, which is utilized to express the mean difference in terms of the standard
deviations:

d=g A _B 3
A D at(s D 2 3)
na+ng 2

Cohen’s d can theoretically range from 0 to infinity, with established bench-
marks typically categorizing effect sizes as small (d = 0:2), medium (d = 0:5),
and large (d = 0:8) |10]. However, these categories should not be rigidly applied
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as they are somewhat arbitrary, and even small e ect sizes can be clinically signif-
icant in certain contexts [53]. An alternative measure is the Common Language
E ect Size (CLES) [32], also known as the probability of superiority [20]. This
statistic provides a more intuitive understanding than Cohen's d by converting
the e ect size into a percentage. It represents the probability that a randomly
selected individual from one group will score higher than a counterpart from
another group. There are two methods for calculating this probability: one is
algebraic, while the other is empirical. The algebraic method assumes that the
data is normally distributed and continuous while the empirical approach does
not rely on such assumptions|[25].

Algebraic Approach. Mathematically, the CLES is the probability that a
Z-score exceeds the value corresponding to no di erence between groups in a
normal distribution. Z-score can be calculated as follows:

z= g7 ”(X;A;B ); (4)

2
At B

where gap(X;A;B ) is the mean di erence between the cosine similarities of
groups A and B with respect to prompts X, and 5 and g are the standard
deviations of the cosine similarities within groupsA and B respectively. The Z -
score measures how the mean di erence deviates from zero in terms of standard
deviations.

The probability associated with this Z-score is calculated using the Cumu-
lative Distribution Function (CDF) of the standard normal distribution. This
gives the upper tail probability P(Z > z ), which represents the likelihood that

gap > O:

P(z>z)=1 (2); ®)

where (Z) is the CDF of the standard normal distribution evaluated at Z.
This probability quanti es the extent to which one group's embeddings are con-
sistently rated as more similar to the prompts than the other's.

Empirical Approach. In order to avoid statistical assumptions, we measured
the Common Language E ect Size (CLES) using the empirical method. This is
accomplished by calculating the frequency with whichcosf; a) > cosf; b) holds
true for all pairs (a;b) across allx in the set X .

4.2 Implicit Association Test (IAT)

Research in cognitive science [46] has led social psychologists to develop tech-
niques for studying how individuals connect social groups with target concepts.
A commonly used method is the Implicit Association Test (IAT) [19].
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IAT with Humans. The IAT requires participants to quickly categorize items
into di erent stimulus categories using one of two response keys. In an IAT fo-
cused on the racial attitudes of white individuals, four categories of stimuli might
be used: pictures of black (ethnic out-group) and white (ethnic in-group) indi-
viduals, as well as positive and negative attributes. The IAT includes di erent
experimental blocks: (i) a compatible block, where white individuals and posi-
tive attributes share the same response key, and black individuals and negative
attributes share a di erent response key;(ii) an incompatible block, where these
associations are reversed. The critical measure is reaction time how long it
takes to associate the pictures with the attributes. These experiments typically
show that white participants are faster during the compatible block, associating
white individuals with positive attributes and black individuals with negative
attributes. This indicates a deep-seated in-group favoritism and out-group bias.

IAT with CLIP. We used a similar method to test the CLIP model, but re-
action time was not a factor since it is constant. In the case of CLIP, the test
involved zero-shot classi cation, using the similarity between the visual embed-
dings of the image and the textual embeddings of the input prompts. We used
attributes from a semantic scale in our textual prompts to guide binary classi -
cation, such as positive versus negative.
For each prompt pair, the preference is determined based on which prompt
receives the higher similarity score:
X X
A= jcoskp;ai) > cosjn ;&) cosijp;a) cosijn;a)i;  (6)
| J
wherei iterates over A samples (visual embeddings) and indexes the prompt
pairs fxp;Xng (positive and negative prompts). The same calculation is mir-
rored for group B. The nal IAT score is computed as the mean of the absolute
di erences in preferences across the groups for each pair of prompts:

IAT score = ] A Bl (7)

4.3 Measuring Bias in Multi-Modal LLMs

Traditional methods used to evaluate bias in text generation, such as prompt-
ing models to rank attributes [1], can produce inconsistent results due to the
impact of input word sequence on the output [56]. Drawing inspiration from
LLM alignment methods, our approach assesses the probability of generating
tokens associated with prede ned positive or negative references, providing a
more consistent and reliable metric.

Our goal is to analyze the tendency of the model to associate certain types
of emotional descriptors with speci c demographics depicted in the images. To
measure bias, we utilize the emotional attributes introduced in Sec. 3, catego-
rizing emotions into positive and negative attributes. We prompt the model to
generate descriptions for these emotional attributes and use the generated texts
for positive and negative reference tokens.
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Once the positive and negative tokens pools are available, we prompt the
model to generate a poem based on a provided image input. Our metric calcu-
lates, for each generation step, the likelihood of generating tokens from the pos-
itive or negative references given an input image. Inspired by human-alignment
literature [33,41], this likelihood is quanti ed as follow:

. 1 X .
P(Yret JX)= —  logp (Yret | X;Yi) 8)
i

In this context, x represents the prompt (image+ text instruction), and vy is the
sequence of tokens in the poem generated by the model. Hedegp (Yret j X; Vi)
quanti es how likely the token y; belongs to the reference pool, whether positive
or negative. Speci cally, the dictionary log probabilities logp are computed at
each step. From these, the scores at the indices corresponding to the tokens
in the reference pooly,s are extracted and averaged. This method provides a
measure for each step, so the sequence lengtj does not in uence this metric.

5 Debiasing CLIP from Text

Debiasing via Orthogonal Projection. It is essential for a robust classi er to
avoid dependence on irrelevant features present in images. This necessitates the
classi er to be invariant to image backgrounds or insensitive to attributes such as
race or gender. To make the classi er invariant to irrelevant features, we utilize
an orthogonal projection technique [9]. In such scenario, matrixM 2 RY ™
represents the embeddings of spurious prompts, with the orthogonal projection
matrix Pg de ned as:

Po=1 MMTM) MT; (9)

wherel is the identity matrix. Using Pg, we project text embeddingsx to remove
bias directions:

Xnew = PoX: (10)

Spurious prompts used to identify bias directions (matrix M) are:

’ A photo of a male. ‘ ’ A photo of a female. ‘

’ A photo of a man. ‘ ’ A photo of a woman. ‘

’ A photo of a white person. ‘ ’ A photo of a black person. ‘
Calibrating the Projection Matrix. SincePyx could cause errors in estimat-

ing irrelevant feature directions, Chuang et al. [9] add a calibration term using
a set of positive pairs of prompts S, which ideally retain the same semantic
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