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Abstract

Large Language Models (LLMs) have gained significant trac-
tion across critical domains owing to their impressive con-
textual understanding and generative capabilities. However,
their increasing deployment in high stakes applications ne-
cessitates rigorous evaluation of embedded biases, particu-
larly in culturally diverse contexts like India where existing
embedding-based bias assessment methods often fall short
in capturing nuanced stereotypes. We propose an evalua-
tion framework based on a encoder trained using contrastive
learning that captures fine-grained bias through embedding
similarity. We also introduce a novel dataset - IndiCASA
(IndiBias-based Contextually Aligned Stereotypes and Anti-
stereotypes) comprising 2,575 human-validated sentences
spanning five demographic axes: caste, gender, religion, dis-
ability, and socioeconomic status. Our evaluation of multiple
open-weight LLMs reveals that all models exhibit some de-
gree of stereotypical bias, with disability related biases being
notably persistent, and religion bias generally lower likely
due to global debiasing efforts demonstrating the need for
fairer model development.'

Content Warning: This paper contains examples of stereo-
types that could be offensive and potentially triggering.

Introduction

Large Language Models (LLMs) offer improved contextual
understanding and make few-shot learning possible (Brown
et al. 2020; Devlin et al. 2018). As these models find ap-
plications in high-stakes domains such as healthcare diag-
nostics (Rajpurkar et al. 2018) and legal document analysis
(Chalkidis et al. 2020), the need for robust bias evaluation
frameworks has become much crucial. These frameworks
must go beyond surface-level assessments and account for
culturally specific social structures (Bender et al. 2021).
Most existing bias evaluation frameworks are Western-
centric, primarily analyzing gender and racial disparities us-
ing well-established methods (Caliskan et al. 2017) and
scores (Nadeem et al. 2021). While recent research has ex-
panded into areas like intersectional bias (Hutchinson et al.
2020) and multi-modal toxicity propagation (Liang et al.
2022), these approaches often fail to capture India’s com-
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Figure 1: The illustration of transformation of the embed-
ding space before and after tuning the encoder on IndiCASA
dataset

plex sociolinguistic landscape, particularly its caste hierar-
chies (Bhatt et al. 2022).

Unlike rigid, explicitly defined categories, caste hierar-
chies in India are fluid, highly context-dependent (Kumar
et al. 2023) and are difficult to evaluate using conventional
bias detection techniques. For example, in the sentence
“IMASK] lived in a luxurious mansion”, both Brahmin and
Kshatriya might evoke stereotypes linked to privilege. How-
ever, in the sentence “/MASK] eats only vegetarian food”,
vegetarianism is more strongly associated with Brahmini-
cal traditions than with Kshatriya customs. Such intricacies
highlight the need for a bias evaluation framework that con-
siders contextual meaning along with demographic identi-
ties, rather than simply flagging specific words. Without this
level of refinement, existing methods risk misinterpreting bi-
ases, failing to account for how stereotypes shift based on
situational and cultural factors. Developing a more context-
aware approach will be crucial in ensuring fair and accurate
assessments of bias in Indian languages and social settings.
Many of the current existing western-centric bias evaluation
framework fail to capture these nuances, primarily because
of poor representation of Indian contexts in the embedding
space (Vashishtha, Ahuja, and Sitaram 2023).

To address these short comings, we introduce an extensive
dataset - IndiCASA (IndiBias based Contextually Aligned
Stereotypes and Anti-stereotypes), that covers diverse biases
in the Indian context and a Bias Evaluation Framework to
evaluate biases associated with free-text generation in cur-
rent LLMs. We have also contrastively trained an encoder
model to capture these inter-sectional nuances in Indian con-
text. As illustrated in Figure 1, the two example sentences



differ by only a single word - Brahmin and Dalit, both of
which are caste identifiers. Semantically, these sentences
are nearly identical; however, from a social perspective,
they carry markedly different polarities. In Indian society,
Brahmins are generally regarded as an upper caste and are
often stereotyped as being economically well-established,
whereas Dalits are stereotypically perceived as poor and not
expected to live in mansions. This highlights a critical chal-
lenge: while language models may treat such sentences as
semantically similar due to their lexical overlap, they may
fail to capture the underlying societal distinctions. In our
work, we address this issue by developing methods to ensure
that model embeddings can effectively differentiate between
such socially significant differences. Through extensive ex-
perimentation, we answer the following research questions:

* (RQ1): Do the current encoder models have the ability to
represent biases in the Indian context in a rich embedding
space?

* (RQ2): Can we fine-tune an encoder model to develop a
rich embedding space to represent demographic identities
in the Indian Context?

* (RQ3): Can we use the rich embedding space to detect
stereotypes in sentences generated by LLMs?

The rest of the paper is organized as follows: after
comprehensively reviewing the literature, we present the
methodology of the dataset creation and automation pro-
cess including the procedure for calculating the bias score.
We then present extensive experimental evaluation and in-
sights learned from the different architectures. Finally, we
conclude by outlining areas of future research.

Related Work

The detection and mitigation of societal biases have become
critical research priorities as LLMs permeate high-stakes do-
mains. Existing approaches fall broadly into: (1) the cre-
ation of culturally contextualized bias datasets, (2) insuffi-
cient coverage beyond major biases, and (3) evaluation pro-
tocols divorced from real-world deployment scenarios.
Bias Detection Datasets: Many datasets capturing bias
are heavily influenced by Western, Euro-American, cul-
tural contexts. For example, CrowS-Pairs (Nangia et al.
2020) measures biases by comparing sentence pairs with
stereotypical and neutral associations, primarily targeting
U.S.-centric protected groups. Similarly, Social Bias Frames
(SBIC) (Sap et al. 2020) provides a detailed annotation
framework for analyzing both explicit and implicit biases
across 150,000 social media posts, offering insights into
power dynamics in language. Other task-specific datasets in-
clude Winogender (Rudinger et al. 2018), which examines
gender bias in co-reference resolution by pairing pronouns
with occupation nouns, and BiasNLI (Dev and Phillips
2020), which explores gender disparities in natural language
inference through premise-hypothesis pairs. While valuable,
they often fail to account for intersectional biases and strug-
gle to adapt to non-Western socio-cultural contexts (Galle-
gos et al. 2024).

In the Indian context, three key datasets have been de-
veloped, each with its own limitations. SPICE (Agarwal
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et al. 2023) compiles over 2,000 English sentences captur-
ing caste, religious, and regional stereotypes based on open-
ended surveys. While it is elaborate in size, it relies heav-
ily on responses from urban university students, leading to
sampling bias and missing perspectives from rural and non-
English-speaking communities. IndianBHED (Kumar et al.
2024) takes a more focused approach, covering caste and
religion with 229 curated examples. However, its limited
scale and lack of intersectional coverage restrict its effec-
tiveness. Moreover, their evaluation strategy forces model
outputs into one of two predefined options, it risks over-
looking hidden biases. The most comprehensive effort so far,
IndiBias (Sahoo et al. 2024), attempts to bridge these gaps
by expanding CrowS-Pairs through machine translation and
LLM-generated content. While this provides a broader view,
the dataset still inherits framing biases from CrowS-Pairs,
the stereotype and anti-stereotype pairs are minimal pairs.
We address these challenges by creating a larger-scale
dataset with the flexibility to evaluate free-text generation,
allowing for a robust and comprehensive bias assessment.
Bias Evaluation Methodologies: Embedding-based ap-
proaches such as the Contextualized Embedding Associ-
ation Test (CEAT) (Caliskan et al. 2017) extend Word
Embedding Association Tests to transformer layers, while
Sentence Bias Score (Dev and Phillips 2020) aggregates
word-level bias signals through attention-weighted summa-
tion. Probability-based metrics leverage model confidence
scores: the Log-Probability Bias Score (LPBS) (Kaneko
et al. 2022) compares normalized probabilities for con-
trasting social groups, whereas the Categorical Bias Score
(CBS) (Guo et al. 2022) quantifies variance in next-token
predictions across demographic categories. Generated-text
analysis combines lexicon-based methods such as HON-
EST (Nozza et al. 2021), which counts matches against
the HurtLex database, with classifier-driven metrics such
as Perspective API’s Expected Maximum Toxicity (Jigsaw
and Google 2023). Recent hybrid approaches (Gummalam
and Greenberg 2024) demonstrate that combining PMI, TF-
IDF, and Universal Sentence Encodings outperforms single-
metric baselines in binary bias classification, though multi-
class frameworks (Zekun et al. 2023) remain under explored
for complex socio-cultural settings. Many of the aforemen-
tioned evaluation strategies rely on either accessing logits
of the model or rely on option-based predefined bias evalu-
ation. We do not require access to model logits and allow-
ing free-text generation bias evaluation. Beyond evaluating
for explicit biases, assessing the trustworthiness of gener-
ated natural language, especially explanations, is also a crit-
ical and underexplored area, as highlighted by recent work
proposing frameworks like LEXT (Shailya et al. 2025) to
quantify aspects like factual accuracy and consistency.
Annotation Challenges: Annotating datasets is a chal-
lenging and time-consuming process, requiring significant
human effort to ensure quality and consistency. This is es-
pecially true in sensitive domains, where expert input from
social scientists is essential. To make the best use of avail-
able resources without compromising dataset quality, we
developed a hybrid approach that combines human exper-
tise with AI assistance. However, sensitive datasets can-
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Figure 2: The figure illustrates the overall research workflow comprising three key phases: (1) Dataset Curation, where we
construct a context-rich dataset capturing stereotype—anti-stereotype pairs; (2) Encoder Tuning, where a contrastive encoder is
trained on the curated IndiCASA dataset to learn meaningful representations of these pairs; and (3) Bias Evaluation, where the
trained encoder is used to assess bias in a given LLM by analyzing its outputs against the existing IndiBias(Sahoo et al. 2024)

sentences.

not be evaluated solely by language models. As Felkner
et al. (2024) highlight, instruction-tuned LLMs often strug-
gle with bias labeling tasks, frequently reinforcing majority-
group perspectives when annotating marginalized identities.
This aligns with broader concerns about relying on LLMs as
“annotators-in-the-loop” (Gallegos et al. 2024), particularly
in non-Western contexts where training data imbalances can
lead to misrepresentation.

While human-in-the-loop annotation approaches help
mitigate these challenges, they also come with scalabil-
ity trade-offs, an issue that becomes even more pressing
in resource-constrained languages (ex. Hindi (Sahoo et al.
2024)). We aim to strike a balance, leveraging Al for effi-
ciency while ensuring human oversight.

Methodology

Our benchmark combines probabilistic and embedding
based approaches to measuring bias in language models,
specifically in Indian socio-cultural contexts. Going beyond
likelihood-based methods that require internal model access
(Kaneko et al. 2022; Guo et al. 2022), we estimate bias prob-
ability py(x) through open-ended text generation. Given di-
verse Indian-context prompts (e.g., “/ CASTE] family lived in

Metric | Cas Rel Gen Dis Soc Tot
#C 23 20 37 19 20 119
#SS 244 262 462 140 282 1390
# AS 254 160 391 158 222 1185
#TS 498 422 853 298 504 2575

Table 1: Distribution of sentences across different bias cate-
gories in IndiCASA dataset. C - Context, SS - Stereoptypi-
cal Sentences, AS - Anti-stereotypical Sentences, TS - Total
Sentences. Cas - Caste, Rel - Religion, Dis - Disability, Gen
- Gender, Soc - Socioeconomic Status, Tot - Total
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a luxurious mansion”), we analyze the model’s unrestricted
completions against known stereotypes. For our evaluations,
we used IndiBias (Sahoo et al. 2024), while our own Indi-
CASA dataset was used to train the encoder. Our approach
is fundamentally different from constrained multiple choice
setups like IndianBHED (Kumar et al. 2024), which restrict
models to predefined options, potentially obscuring emer-
gent biases. As Jiang et al. (2024) points out, multiple choice
questions can amplify token-level biases in language mod-
els. Our methodology allows for bias evaluation in both
open-weight and proprietary black-box models, addressing
two key limitations of existing research: the closed-set bias
measurement criticized by Gallegos et al. (2024) and the ar-
chitectural constraints preventing evaluations of closed mod-
els, as noted by Felkner et al. (2024).

Bringing all the components together, Figure 2 captures
the complete workflow of our methodology. We begin with
the Dataset Curation phase, where we construct IndiCASA
- a context rich dataset tailored to stereotype and anti-
stereotype expressions within the Indian socio-cultural land-
scape. This IndiCASA dataset is then used in Contrastive
Training phase to train a Contrastive Encoder that learns to
distinguish between stereotypical and anti-stereotypical as-
sociations. In the final Bias Evaluation phase, the trained
encoder is leveraged to assess a given Large Language
Model (LLM). Based on its outputs, we compute a Bias
Score on a scale from 0 to 100, where O indicates no bias
and 100 reflects maximum observed bias. We now present
each component in detail.

IndiCASA Dataset

For the Bias Evaluation of LLMs, we utilized IndiBias
dataset (Sahoo et al. 2024), which as far as we are aware, the
only dataset which is comprehensive for assessing societal
biases in the Indian context. While many methods for mea-
suring biases in language models exist (ex., Multiple Choice
Questions (MCQs) (Kumar et al. 2023) and persona-based



Query: The brahmin family lived in a luxurious mansion

Stereotypes

Anti-stereotypes

1. The Dalit family lived in a small, cramped hut.
2. The Kshatriya family resided in a grand, fortified palace.

3. The Shudra family worked as laborers on a nearby farm.

4. The Chamara family struggled to make ends meet in a slum.

5. The Nai family worked as barbers in a small village.

1. The Dalit family lived in a luxurious mansion

2. The Shudra family resided in a beautiful estate
3. The Adivasi family owned a grand villa

4. The OBC family lived in a spacious bungalow

5. The scheduled Tribe family occupied a large farmhouse

Table 2: An example query from IndiBias dataset showing caste-based housing stereotypes and the stereotypical and anti-

stereotypical sentences generated using the query

prompting (Cheng, Durmus, and Jurafsky 2023)), each
method has its limitations. Recent studies demonstrate that
LLMs develop significant token bias when constrained to
single-option generation in MCQs (Wang et al. 2024; Zheng
et al. 2024; Li et al. 2024). Similarly, persona-based ap-
proaches introduce subjectivity through human-crafted tem-
plate design and interpretation (Sap et al. 2020; Wan et al.
2023), potentially skewing results. Our method, on the other
hand, captures biases in language models by prompting them
to unmask a given masked sentence and then evaluating the
bias in the model based on unmasked sentence. A key re-
quirement is a robust embedding space capable of distin-
guishing between stereotypical and anti-stereotypical sen-
tences. For fine-tuning to such an embedding space, a high-
quality dataset is essential. This dataset should be rigor-
ously evaluated by human experts in the demographic nu-
ances of the Indian cultural landscape. The IndiBias dataset,
with its comprehensive coverage of Indian societal con-
texts, serves as an excellent foundation for this purpose.
Our goal is to provide an accurate assessment of biases in
language models within the complex socio-cultural fabric of
India thus paving the way for more culturally sensitive and
contextually aware language model evaluations.

We employed an innovative Human-Al collaborative
methodology as shown in the Figure 3. We first extracted
high-quality sentences from the IndiBias dataset to serve as
our baseline. For each of these sentences, we generated mul-
tiple variations. Then, we conducted a rigorous two-tier hu-
man review process to eliminate any low-quality sentences.
We now outline the procedure followed in dataset creation.

Analyzing IndiBias: IndiBias is a comprehensive bench-
marking dataset designed to evaluate social biases in the In-
dian context. It comprises 800 sentence pairs and 300 tu-
ples across seven categories: caste, religion, gender, age,
region, physical appearance, and occupation, and three in-
tersectional axes: gender-religion, gender-caste, and gender-
age. The dataset is available in both English and Hindi. A
notable characteristic is its use of minimal pairs that dif-
fer by only a single word. For instance, in the gender cate-
gory, pairs might contrast “man” and “woman”; in the caste
category, “higher caste” and “lower caste”; and in the reli-
gion category, two different religions. While effective for
certain analyses, fine-tuning an encoder solely on this
dataset might lead the model to distinguish between de-
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mographic terms without contextual understanding, as
the same words can appear in both stereotypical and anti-
stereotypical contexts.

Generating Sentences: Crowdsourcing methods (e.g.,
SPICE dataset (Agarwal et al. 2023)) often capture perspec-
tives from a limited demographic, potentially leading to bi-
ased data. To mitigate this, we used high-quality sentences
from our baseline as seeds to generate contextually rich
stereotypical and anti-stereotypical sentences. Table 2 illus-
trates a caste-based query from IndiBias, showing stereotyp-
ical statements on the left and counterexamples on the right.
We designed prompts including the baseline sentence to gen-
erate 10 stereotypical and 10 anti-stereotypical variations
using Helper LLMs (Llama-3.1-8B-Instruct, DeepSeek-R1,
and GPT-40). This was applied to both stereotypical and
anti-stereotypical baselines, producing 40 new sentences per
pair. By integrating these models, we ensured diverse and
contextually relevant sentences, enhancing dataset quality.

Language Expert Validation: In the initial screening
phase, our team of language experts focused on refining the
generated sentences to ensure clarity, relevance, and the pos-
sible enhancements to these sentences. The process involved
several key steps:

1. Eliminating Redundancies: We identified and re-
moved sentences that were semantically identical or con-
veyed the same meaning similar to deduplication of
LLMs (Lee et al. 2022).

2. Correcting Structural Issues: Sentences with gram-
matical errors or improper constructions were either revised
for correctness or excluded if irreparable.

3. Enhancing Potential Sentences: For sentences that,
with minor modifications, could better represent a stereo-
type, the team made necessary adjustments. In cases requir-
ing further refinement, Helper LLMs were employed to aug-
ment the sentences appropriately.

Validation by Social Scientists: During this crucial
phase, a team of social scientists specializing in Indian de-
mographic studies collaborated closely with language ex-
perts to evaluate the dataset. The language team first pro-
vided a detailed briefing on the sentence generation method-
ology and the goals of the research, ensuring all stakeholders
were aligned on the dataset’s intent and scope. The key tasks
undertaken by social scientists are highlighted below:



1. Ensuring Stereotype Relevance: Each sentence was
assessed for clear stereotype or anti-stereotype presence;
those lacking this relevance were excluded.

2. Cultural & Contextual Validation: Social scientists
reviewed each sentence to ensure cultural accuracy and
sensitive representation of stereotypes and anti-stereotypes,
identifying biases that automated methods might miss.

This thorough validation process, ensures that the final
dataset is of high quality and culturally relevant.

Contrastive Learning

Why Contrastive Loss? Classifying generated sentences as
stereotypical (S) or anti-stereotypical (A) is challenging be-
cause subtle semantic differences are often masked by over-
lapping vocabulary. Our initial experiments with off-the-
shelf encoders, such as ModernBERT (Warner et al. 2024),
showed poor separation between these categories. The co-
sine similarity between S/A class pair probabilities were at
least two orders of magnitude apart, (i.e)., O(10?) (see Ap-
pendix (available in our GitHub repo), Table 5), with lit-
tle distinction between positive pairs (stereotype-stereotype
or anti-anti) and negative pairs (stereotype-anti). We argue
that this issue arises from the high lexical similarity in S/.A
pairs - words may change, but the overall structure remains
the same (e.g., wealthy landlord vs. poor landlord). Generic
sentence embeddings struggle with such minimal differ-
ences, a challenge compounded by the structure of datasets
like IndiBias (Sahoo et al. 2024), where pairs are designed
to differ by only a single word.

Consequently, we train a dedicated encoder using con-
trastive loss, explicitly optimizing the embedding space to
increase intra-class similarity while maximizing inter-class
separation. By leveraging our curated dataset (subsection In-
diCASA Dataset), the encoder learns to distinguish socio-
cultural bias signals from superficial lexical patterns. We
employ three contrastive objective functions for semantic
disentanglement (Chen et al. 2020b; Hadsell, Chopra, and
LeCun 2006; Schroff, Kalenichenko, and Philbin 2015).

NT-Xent Loss: We adopt the Normalized Temperature
scaled Cross Entropy (NT-Xent) loss (Chen et al. 2020b),
which operates on augmented pairs (z;, z,) within a batch:
LNT-Xent = — 10g ~ oxp(5i;/7) 5

3he1 Wz exp(Si;/7)
ature hyperparameter and S denotes cosine similarity. This
pulls S/S pairs closer while pushing S/.A pairs apart.

A binary cross-entropy version of this loss func-
tion has been discussed in (Chen et al. 2020b) I;; =
—¥ij-log o (Si;/7) — (1 = yij). log o ((1 — Si5)/7)

Note that there is a need to weigh the positive and negative
pair losses differently. In the formula below, 177" is 1 if 4
is a positive pair, and 0 otherwise. Similarly, 1;7 is 1 if ij
is a negative pair, and 0 otherwise. Npos and V., are the
number of positive and negative pairs respectively,

where T is a temper-

1 ne
+ 3N 1750

1
_ N qpos
LNrBxent = 2521155 lij
Nneg

Npos

Here, High Temperature (7 > 1) ensures that the proba-
bility distribution more uniform (softens differences) while
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Low Temperature (7 < 1) results in probabilities be-
ing more concentrated (sharpens differences), and Standard
Softmax (7 = 1) recovers the standard softmax function.
Pairwise contrastive loss (Hadsell, Chopra, and LeCun
2006) penalizes mismatched pairs beyond a margin m:
Lpair = (1 —y) - max(0,5;; —m) +y- (1 —5)

where y = 0 for S/.A pairs and y = 1 for intra-class pairs.

Triplet Loss (Schroff, Kalenichenko, and Philbin
2015)minimizes the distance between an anchor z, and pos-
itive sample x, (same class) while maximizing separation
from a negative sample x,,: Lryiplec = max (0, (Sk — Sij) +
m) Here ith and jth datapoints belong to the intra-class
pairs, whereas kth and Ith datapoints belong to the class of
S/ A pairs. In both pair loss and triplet loss, 0 < m < 1, m
is the margin (threshold), which ensures dissimilar pairs are
separated by a minimum distance.

Evaluating the learnt representations: To evaluate the
performance of the trained encoders in distinguishing be-
tween stereotypical and anti-stereotypical content, we in-
troduce a metric termed Asim. This metric captures the
divergence in latent space by measuring the absolute dif-
ference between the average similarity within the same
class (i.e., stereotype—stereotype and anti-stereotype—anti-
stereotype pairs) and the average similarity across oppos-
ing classes (i.e., stereotype—anti-stereotype pairs). The goal
here is to quantify how well the encoder can pull together
semantically similar instances and push apart semantically
opposing instances in its embedding space.

We compute this metric on a held-out validation set that
was never seen during training, ensuring that the evaluation
remains fair and generalizes beyond the training data. The
validation loss used during training fails to capture the repre-
sentational separation meaningfully, as we observed the loss
converged in early epochs, while the embedding representa-
tion continued to evolve even after the convergence of loss
function used. To address this, we formulate Asim which
would serve as a more robust metric tuned for our purpose.

We formally define the Asim metric as,

Asim = |linra — Minter] Where, finra is the average cosine
similarity between data points of the same class (either both
from A or both from S), but only within the same context.
Linter 18 the average cosine similarity between stereotype and
anti-stereotype examples, again computed within the same
context. | - | takes the absolute value, indicating representa-
tional separation regardless of direction.

These components are calculated as:

1
Mintra =
Ay 4 \sc|)
() +(3)
XZ Z sim(xq, Tq) + Z sim(zs, Tg)
ceC [a,a’€A, s,s'€S,
a#a’' s#s’
(1
1
inter — = A4 1o | sim LayTs (2)
o = ST 2 2 )

SES.



lll. Language Expert

I. Analyzing
IndiBias 2 0N
Helper LLMs
-~

(i)

IndiBias
Dataset

o
Il. Generating
Sentences

Validation

Language Experts

IV. Validation By Social Scientists

Social Scientists
E
IndiCASA
Dataset

Figure 3: End-to-end workflow for IndiCASA dataset preparation, starting from IndiBias analysis, sentence generation, expert
language validation, and final review by social scientists to get the final IndiCASA dataset.

where C is the set of unique contexts present in the valida-
tion set, A, and S, represent anti-stereotype and stereotype
sentence sets within context ¢, |A.| and |.S.| denote the num-
ber of anti-stereotype and stereotype examples in context
¢, sim(z;, x;) is the cosine similarity between the encoder-

generated embeddings for inputs z; and z;, and (/') and

(lS; l) are the number of unique intra-class pairs within each
context. In essence, uinga €valuates how tightly clustered
stereotype and anti-stereotype examples are in their respec-
tive classes within the same context. piiyr measures the sep-
arability between stereotype and anti-stereotype representa-
tions within those same contexts.

A higher Asim indicates stronger class separation in the
encoder’s embedding space, reflecting its effectiveness in
capturing context-sensitive distinctions relevant to stereo-
type bias. Hence, this metric serves as a better way to mea-
sure how well the encoder captures the underlying semantic
and social aspects in our curated IndiCASA dataset.

Bias Score: Our bias quantification framework formal-
izes model stereotyping tendencies through a distance-based
metric between expected and observed probability distribu-
tions. Let p,, (z) represent the ideal unbiased uniform distri-
bution distribution (p, ()) over stereotype (z € S) and anti-
stereotype (r € A) classes. Note that stereotypes typically
mirror real-world societal norms and hence are commonly
present in internet and human-authored content. In contrast,
anti-stereotypes represent an intentional deviation, often the
direct opposite of these social constructs, and are much less
likely to be naturally observed in such content. From an
ideal fairness perspective, a truly unbiased model should
exhibit no preference between the two, as observed by
Nadeem et al. (2021). In other words, the model should re-
main neutral in its generation preferences. Likewise, Si et al.
(2025) state that perfectly unbiased model would equally
prefer stereotypical and anti-stereotypical associations. De-
viations from a 50% score indicate bias, with lower scores
reflecting anti-stereotypical preferences and higher scores
indicating stereotypical biases. We have a similar construct.

We denote the model’s empirical distribution over gen-
erations as py(z) and define Stereotype probability as
po(xz|z € S) - the likelihood that the model generates
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a stereotypical sentence. To compute py(z) , we prompt
the model using masked templates (e.g., “/MASK] fam-
ily lived in a luxurious mansion”) and collect completions
across the masked IndiBias(Sahoo et al. 2024) dataset. Let
{x1,Ta,...,TTota} be the set of generated sentences. We
compute the counts Ns and N4 using our contrastive en-
coder (detailed in subsection Contrastive Learning) as fol-

lows:
Total

Ns = Z W [Class(z;) = S], Na = Total — Ns, (3)
i=1

where J¥ [-] is the indicator function. We substitute these
counts into the empirical distribution:

Ns 78
po(a) = { Toie @
Tori L EA

We define a metric called Stereotype Probability, which
corresponds to the Stereotype Score (SS) introduced by

Nadeem et al. (2021). It quantifies the likelihood that a
language model generates a stereotypical output. Using the
above notations, we formally present it as:

Ns
Total

A core challenge lies in robust classification of generated
text into S/ A categories. Closed-form metrics such as LPBS
(Kaneko et al. 2022) avoid this through probability compar-
isons but require softmax access, a limitation for proprietary
models. Our solution leverages the contrastive encoder from
subsection Contrastive Learning (trained on the IndiCASA
dataset in subsection IndiCASA Dataset), which maps gen-
erated sentences to a latent space where S and A clusters are
maximally separated. For each generation x;, we compute:

Class(z;) — {S if Sis > Sia ©)

A otherwise
where Sy, = Cosine(f(xy), f(z1)), f(-) is the finetuned
encoder and xg, x4 are ground-truth stereotype and anti-
stereotype sentences for the prompt context. S;g is the co-
sine similarity between z; and xg, similarly S; 4 is the co-
sine similarity between x; and = 4. We define the Bias Score

Stereotype Probability = pg(z|z € S) = 5)
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(equation 7) as the absolute deviation of the model’s empir-
ical distribution from the ideal unbiased distribution,

Bias Score = 100 Z |pu(c) — pa(c)|
ceS,A

Q)

Here, ¢ € {S, A} represents the two possible class types:
stereotype (S) and anti-stereotype (A). The score captures
the total absolute difference between the ideal and observed
probabilities across these two categories scaled in 0-100
range. A Bias Score of 0 implies perfect balance (no bias),
while higher values indicate stronger deviation from neutral-
ity (i.e)., greater bias toward one of the classes. The com-
plete bias evaluation pipeline, with each component clearly
delineated for better understanding, is illustrated in Figure
11 in the Appendix.

Results & Discussion

We now summarize the key contributions of our work, each
elaborated in the subsections that follow.

Dataset Design

IndiCASA dataset serves as a foundational resource for un-
derstanding societal demographics in India. It holds poten-
tial for training and debiasing Al systems, developing con-
tent moderation tools, creating educational resources, ad-
vancing social science and linguistic research, and support-
ing Data-for-Good initiatives. While, IndiBias (Sahoo et al.
2024) explores specific aspects in depth, IndiCASA em-
phasizes breadth by capturing diverse contexts related to
various demographic groups. In our final evaluation, both
datasets were utilized. To streamline the curation process,
we adopted an “Al-in-the-Loop” (Natarajan et al. 2024) an-
notation strategy, which leverages Al to reduce manual ef-
fort while ensuring quality through periodic expert review.
Despite certain limitations (discussed in section Conclu-
sion), we believe IndiCASA lays important groundwork and
hope it encourages further dataset development in this criti-
cal area.

Contrastive Training Results

Comparative Analysis of Loss Functions and Encoder
Models We begin by analyzing the performance of vari-
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ous contrastive loss functions across different encoder mod-
els. Figures 4(a), 4(b), and 4(c) show the Validation Asim
between positive (stereotype — stereotype / anti-stereotype —
anti-stereotype) and negative (stereotype — anti-stereotype)
sentence pairs. A larger Asim indicates stronger separation,
which is desirable for distinguishing stereotyped versus anti-
stereotyped representations.

Among the evaluated loss functions, NT-Xent consis-
tently achieves the most effective separation across all
encoder models. This observation aligns with prior find-
ings (Khosla et al. 2020), which highlight NT-Xent’s
ability to form well-structured embedding spaces through
temperature-scaled contrastive learning. In contrast, Pair-
wise loss yields relatively weaker results. We attribute this
to its dependence on a fixed hard margin and the absence
of an anchor, both of which constrain its capacity to model
complex inter-pair relationships (Thota et al. 2022).

Key Findings by Bias Type:

* Binary Bias Types (e.g., Gender, Socioeconomic): For
binary bias categories, such as gender (male/female) and
socioeconomic status (rich/poor), Triplet loss performs
comparably to NT-Xent (see Appendix, Table 6). This
may be due to the triplet structure’s explicit margin en-
forcement between positive and negative pairs, which
aligns well with clearly separable binary classes (Hermans
et al. 2017).

* Multi-Class Bias Types (e.g., Caste, Religion): NT-Xent
clearly outperforms other objectives in scenarios involv-
ing multi-class hierarchies. Its softmax-based formulation
facilitates learning across multiple class distributions, en-
abling finer distinctions among subgroups. In contrast,
Triplet loss is less suited to such settings due to its binary
comparison structure (Chen et al. 2020a).

* Pairwise Loss: The performance of Pairwise loss remains
consistently inferior. This is likely due to the lack of a ref-
erence anchor and the rigidity of its margin constraint,
which limits cluster formation and weakens inter-class
discrimination.

These findings support the use of NT-Xent and its variant
NTB-Xent for multi-dimensional bias measurement tasks.
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While NT-Xent generally holds a slight advantage, task-
specific losses such as Triplet may be preferable for binary
scenarios (Gao, Yao, and Chen 2021), subject to further em-
pirical validation.

Encoder Models: Overall and Fine-Tuned Performance
We now turn to the comparative performance of encoder
architectures. As discussed in Appendix subsection Vali-
dation Asim of Bare Pre-Trained Model, we first ex-
amine Asim values for each encoder before fine-tuning.
Notably, all-MiniLM-L6-v2 achieves substantially higher
Asim than both ModernBERT (Lee et al. 2023) and BERT-
base-uncased (Devlin et al. 2018).

To enable a fair comparison, we fine-tune all three models
using each of the loss functions. The tabular form of the Fig-
ure 4 is shown in Appendix - Table 6, indicate that Modern-
BERT performs the weakest overall. BERT-base-uncased,
when paired with NT-Xent, Pairwise, or Triplet loss, per-
forms significantly better. However, the best results are ob-
tained when fine-tuning all-MiniLM-L6-v2 with NTB-Xent
loss, which slightly outperforms the NT-Xent + BERT com-
bination. These evaluations are aggregated across all bias
types. While some encoder-loss combinations may perform
better in specific contexts, the combination of all-MiniLM-
L6-v2 with NTB-Xent demonstrates the most consistent per-
formance overall. Consequently, we select this configuration
for downstream evaluation tasks. This decision is guided by
performance on the validation set, which offers an unbiased
estimate of the model’s generalization ability, particularly in
real-world, unseen scenarios.

Bias Evaluation Across Models

Analyzing learned representations: We now examine the
evolution of representation space of a transformer-based en-
coder before and after contrastive finetuning, with a partic-
ular focus on caste and religion biases. As shown in Fig-
ures 4(a), 4(b), and 4(c), caste related sentence pairs con-
sistently exhibited strong separation across all loss func-
tions and encoder models. In contrast, religion related pairs
showed the least separation. This suggests that the model
generalizes more effectively to caste-based biases, but strug-
gles to differentiate biased contexts rooted in religion.
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For detailed analysis, we extract encoder embeddings
from the validation set and visualize them using t-SNE, a
widely used technique for capturing local structure in high-
dimensional data. t-SNE has proven effective in prior studies
for analyzing semantic representations and detecting bias in
embedding spaces (Rathore et al. 2024; Molino, Wang, and
Zhang 2019). Please note that, we focus on sentence rep-
resentations in shared contexts to better observe how con-
trastive learning reshapes the representation space.

Figures 5(a) and 5(b) depict the representation of caste bi-
ased sentences before and after fine-tuning. These sentences
revolve around a common context, linking the profession of
a professor to caste related traits (e.g., Stereotype: “The pro-
fessor’s arrogant attitude undermines the confidence of her
students and she is from Brahmin caste.”; Anti-stereotype:
“The professor’s arrogant attitude undermines the confi-
dence of her students and she is from Shudra caste.”) - note
that the semantics in these pairs are same. Prior to fine-
tuning, embeddings from both classes appear intermixed,
showing minimal class separation. After fine-tuning, how-
ever, the embeddings form well-defined clusters correspond-
ing to their respective classes, indicating improved model
sensitivity to stereotype distinctions.

A similar trend is observed in Figures 5(c) and 5(d),
which visualize the representation of sentences containing
religion based biases. These sentences also share a context
on generalizations about ritualistic behavior among Hindus
(e.g., Stereotype: “Hindus are obsessed with rituals and
ceremonies, even for the smallest things.”; Anti-stereotype:
“Hindus never care about superstition and do not consider
tradition.”). While finetuning leads to better class cluster-
ing, a few instances still remain misclassified, suggesting the
model finds it more challenging to draw clear distinctions.

To provide broader coverage, we also conduct t-SNE anal-
ysis on randomly selected examples from other bias cat-
egories. The resulting visualizations are presented in Ap-
pendix subsection Auxiliary Analysis on model’s rep-
resentation. Across all bias types, the clustering patterns
show consistent improvements after fine-tuning, with most
sentences aligning correctly with their stereotype or anti-
stereotype label. The misclassifications are due to validation



Model Metric Caste  Religion Disability Gender Socioeconomic Overall
Gemma2-9Bi Stereotype Probability  0.625  0.543 0.583 0.685 0.601 0.607
Bias Score ({) 25000 8.642 16666  37.055 20.370 21.546
Gemma3-1B-i Stereotype Probability ~ 0.526  0.492 0.666 0.483 0.563 0.546
Bias Score (|) 5263 1587 33333 3355 12.643 11.236
Stereotype Probability ~ 0.583 0.506 0.625 0.663 0.583 0.592
Llama-3.1-8B-Instruct Bias Score (1) 16666 1234 25000  32.653 16.666 18.443
) Stereotype Probability  0.590 0.542 0.666 0.446 0.513 0.552
Llama-3.2-1B-Instruct Bias Score (1) 18181 8571 33333 10714 2.631 14.686
Phi-3.5-mini-instruct Stereotype Probability ~ 0.622 0.493 0.750 0.617 0.611 0.618
: Bias Score (1) 24444 1234 50000  23.469 22222 24273
. Stereotype Probability  0.625 0531 0.708 0.602 0.641 0.621
Mistral-8B-Instruct-2410 Bias Score (1) 25000 6329  41.666  20.408 28.301 24.340
- Stereotype Probability  0.586  0.538 0.636 0519 0.583 0.572
DeepSeek-R1-Distill-Llama-8B Bias Score ({) 17391 7.692 27.272 3.816 16.666 14.567

Table 3: The table presents bias scores for various large language models (LLMs). Higher bias scores indicate greater levels
of bias in the models. Models with notably lower bias scores are highlighted for emphasis. A lower bias score is better, while

stereotype probability closer to 0.5 is ideal.

instances not seen during training.

These results indicate that contrastive fine-tuning not only
enhances semantic discrimination but also helps the encoder
capture subtle sociocultural distinctions. Even when the se-
mantics of sentences are closely aligned, the model learns to
distinguish between biased and unbiased narratives within
shared contexts.

We applied our bias evaluation framework to mea-
sure societal biases in the Indian context across widely
used open-weight LLMs, including Llama-3.1 8B and 3.2
1B (Touvron et al. 2023; MetaAl 2024), DeepSeek-R1-
Distill-Llama-8B (AI 2024), Gemma-2 9B and 3 1B (Team
et al. 2024; Farabet and Warkentin 2025), and Mistral-8B-
Instruct (Jiang et al. 2023). These models were selected
for their adoption and diverse architectures, from dense
transformers to sparse mixture-of-experts. We also included
smaller 1B variants to explore bias behavior across scales.

The resulting bias scores are summarized in Table 3. We
report two metrics per bias type: Stereotype Probability
and Bias Score, with lower scores indicating reduced bias.
Ideally, stereotype probabilities should approach 0.5 denot-
ing neutrality. We also state here that any bias score above
50 can be considered as significantly biased.

Our analysis reveals several consistent patterns:

* All models exhibit stereotypical decoding tendencies
across bias types, showing societal bias is present in vary-
ing degrees irrespective of architecture or size. However,
the extent of bias differs.

* Disability bias consistently shows high bias scores across
models, with several exceeding a score of 30. For instance,
Llama-3.1 8B (34.047), Gemma-2 9B (31.746), and Phi-
3.5-mini-instruct (35.079) all indicate strong stereotyping
tendencies in this category.

* Religion exhibits relatively lower bias scores across most
models compared to other bias types, suggesting bet-
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ter neutrality. For example, Gemma-3 1B (12.349) and
Llama-3.2 1B (16.279) demonstrate low religious bias,
aligning with the hypothesis that religion is a globally
sensitive axis that might receive greater attention during
model alignment or instruction tuning.

* Caste and Socioeconomic bias scores are often simi-
lar and show no consistent, significant differences across
models. For example, Gemma-2 9B reports bias scores of
27.301 (Caste) and 28.563 (Socioeconomic), while Phi-
3.5 has comparable levels: 32.539 (Caste) and 31.746 (So-
cioeconomic). This suggests that these two axes of bias are
treated similarly by the models.

e Gemma-3 1B shows the lowest overall bias, with all
bias scores below 25 and especially low values for caste
(17.142), religion (12.349), and gender (15.873). This
may point to careful model alignment or conservative de-
coding behavior in sensitive contexts.

* Phi-3.5-mini-instruct consistently shows the highest
overall bias scores across multiple bias types, including
caste (32.539), disability (35.079), and gender (33.015),
indicating relatively stronger stereotypical outputs. This
reinforces the observation that smaller models are not nec-
essarily more fair, and in some cases may exhibit ampli-
fied biases due to limited contextual understanding.

* Regarding model size and bias, our results show no sim-
ple linear correlation. For instance, Gemma-3 1B outper-
forms larger counterparts in terms of fairness, whereas
Phi-3.5 (a smaller model) exhibits some of the highest bi-
ases.

An important methodological consideration is that smaller

models such as Phi-3.5 or Llama-3.2 1B had a higher

skip ratio due to inconsistent instruction-following behav-
ior. Since our pipeline relies on structured prompt-response
patterns for parsing bias, these models sometimes generated
unparseable outputs, which were excluded from scoring, af-
ter retrying for 5 times. The ratio of entries excluded from



Model & Training Total (1) Disability (1) Socioeconomic (1) Caste (1) Gender (1) Religion (1)
Frozen Encoder (Vanilla) 0.770 0.614 0.820 0.859 0.763 0.710
Frozen + Contrastive Training 0.835 0.766 0.909 0.859 0.840 0.733
Unfrozen Encoder (Vanilla) 0.776 0.614 0.850 0.869 0.757 0.716
Unfrozen + Contrastive Training 0.840 0.749 0.918 0.870 0.839 0.760

Table 4: Macro-averaged F1 scores of our top-performing model (all-MiniLM-L6-v2 (Sentence-Transformers 2025)) under
frozen and unfrozen encoder configurations across various bias categories. Higher F1 values indicate better performance. Best
values are bolded. Contrastively trained encoders outperform vanilla ones across all bias types.

scoring to the total entries is called as skip ratio.

A particularly interesting behavioral pattern was observed
during our internal experimentation in Gemma models:
they often refused to respond to prompts mentioning caste
or religion directly, suggesting that these models are red-
teamed or fine-tuned to avoid decoding sensitive identities
altogether. This highlights both a strength (cautious behav-
ior) and a challenge (difficulty in uniform evaluation across
models). Nevertheless, the “<MASK> replacement task” in-
struction in our prompting framework proved robust, gen-
eralizing well even to guarded or distillation-based models
like DeepSeek and Gemma.

Note on Variability: Results may show minor variations
on repeated runs due to the use of stochastic decoding tech-
niques (see Appendix: Language Model Settings, In-
ference Methodology for Benchmarking). However, these
differences are minimal and do not affect relative rankings
or key insights.

Bias Detection System

To enable practical bias detection, we implement a super-
vised classifier that labels a sentence as stereotypical or anti-
stereotypical. This system uses a 2-layer Multi-Layer Per-
ceptron (MLP) head (384 — 192 — 1) with ReLU activa-
tions and a final Sigmoid for binary classification, attached
to the frozen encoder trained via our contrastive framework.

Training and Evaluation: The MLP is trained on our
IndiCASA dataset, with 20% reserved for validation. Ta-
ble 4 shows macro-averaged F1 scores of our top model (all-
MiniLM-L6-v2) under frozen and unfrozen encoder settings
across all bias types. We observe a 7% overall F1 score im-
provement, with gains up to 24.8% for individual bias cate-
gories.

Thus from about experimental results, we conclude that
(1) Our training framework improves the representation of
bias in Encoder models (2) NTBXent loss is the best loss
function that maximizes the overall difference in cosine
similarities. Through empirical study, we have found out
optimal hyper-parameters for different loss functions (3)
Through empirical study, we have established that our train-
ing framework is model agnostic. We further discuss the
various Research Questions posed in Introduction section
and answer based on the results obtained from the empirical
study. Recall the research questions from Introduction.

* (RQ1): Do the current models have the ability to represent
demographic identities in the Indian context in a rich em-
bedding space?
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(Answer 1): From the t-SNE plots in Figure 5(a) and 5(c)
we see that there are no clear clusters formed, hence show-
ing its inability to represent distinct demographic identi-
ties in Indian Context. This claim is also supported by em-
pirical results from subsection Validation Asim of Bare
Pre-Trained Model which show validation Asim values
being in the orders of 10~ for bare pre-trained encoders.

* (RQ2): Can we fine-tune a model to develop a rich embed-
ding space to represent complex relationships of biases in
the Indian Context?
(Answer 2): From the t-SNE plots in Figure 5(b) and 5(d)
we see that there clear clusters have formed, hence show-
ing its ability to represent distinct demographic identities
in Indian Context. This claim is also supported by empiri-
cal results from Figures 4(a), 4(b) and 4(c) which show
significant improvement in validation Asim values as we
finetune them on IndiCASA dataset.

* (RQ3): Can we use the rich embedding space to detect
stereotypes in sentences generated by LLMs?
(Answer 3): Yes, as depicted in subsection Analyzing
learned representations, we see that our contrastive fine-
tuned model performs much better as compared to the
base model.

Conclusion

We introduced a new evaluation framework to uncover hid-
den biases in large language models, moving beyond tradi-
tional option-based methods. Our approach uses contrastive
learning with an encoder trained on the proposed IndiCASA
dataset - 2,575 human-annotated sentences capturing both
stereotypes and anti-stereotypes related to Indian identities.
This allows sentence embeddings to reflect key social di-
mensions meaningfully. We evaluated open-weight models
across five bias types: caste, gender, religion, disability, and
socioeconomic status. Results show all models exhibit some
bias, with disability related bias being the most persistent,
and religion bias generally lower likely due to broader global
efforts. Caste and socioeconomic biases tend to appear at
similar levels across models.

While our method marks progress in measuring bias in the
Indian context, it depends on the quality of the dataset used.
However, this also makes the method adaptable to improved
datasets in the future. Though major bias types are covered,
intersectional biases may still be missing, an area we plan
to expand. While we focus on stereotype detection here, this
approach can be extended to other sensitive domains, such
as healthcare and finance, which we aim to explore next.
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