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Abstract
With natural language generation becoming a popular use case for language models, the Bias Benchmark
for Question-Answering (BBQ) has grown to be an important benchmark format for evaluating stereotypical
associations exhibited by generative models. We expand the linguistic scope of BBQ and construct FilBBQ
through a four-phase development process consisting of template categorization, culturally aware translation,
new template construction, and prompt generation. These processes resulted in a bias test composed of
more than 10,000 prompts which assess whether models demonstrate sexist and homophobic prejudices
relevant to the Philippine context. We then apply FilBBQ on models trained in Filipino but do so with a robust
evaluation protocol that improves upon the reliability and accuracy of previous BBQ implementations. Specif-
ically, we account for models’ response instability by obtaining prompt responses across multiple seeds and
averaging the bias scores calculated from these distinctly seeded runs. Our results confirm both the variability
of bias scores across different seeds and the presence of sexist and homophobic biases relating to emotion,
domesticity, stereotyped queer interests, and polygamy. FilBBQ is available via https://github.com/gamboalance/filbbq.

Keywords: language models, multilingual models, bias, fairness, bias evaluation, BBQ, question answer-
ing, benchmark, sexism, homophobia, gender and sexuality, Filipino, robustness

1. Introduction

With natural language generation and human-
machine conversations becoming popular use
cases for pretrained language models (PLMs),
many bias studies in NLP now evaluate stereo-
typical associations exhibited by generative mod-
els in the downstream task of question-answering
(QA). The Bias Benchmark for QA (BBQ) (Par-
rish et al., 2022) has been one of the most widely
used and adapted bias tests in this regard, with
at least two composite benchmark suites employ-
ing the original English version (HELM by Bom-
masani et al., 2021, BIG-bench by Srivastava et al.,
2023) and several researchers constructing adap-
tations for non-English contexts—e.g., Japanese
(Yanaka et al., 2025), German (Satheesh et al.,
2025), Basque (Zulaika and Saralegi, 2025), Ko-
rean (Jin et al., 2024), and Chinese (Huang and
Xiong, 2024). These benchmark adaptations are
valuable since they help reveal sociocultural id-
iosyncrasies in PLMs’ biased performances when
dealing with non-English languages.

The languages BBQ has been translated into
thus far, however, ascribe to a well-documented
trend in multilingual bias literature—the prevalence
among non-English bias benchmarks of highly NLP-
resourced languages spoken in economically de-

veloped countries, and the underrepresentation of
low-resource languages from less developed coun-
tries with high AI adoption rates (Gamboa et al.,
2025a). There is thus a need to broaden the cul-
tural perspectives encompassed by the existing
collection of multilingual BBQs and to incorporate
contextually specific biases from developing na-
tions with relatively limited NLP resources.

In addition to this gap in the linguistic representa-
tiveness of multilingual BBQs, we argue that there
is also a need to review and update the evaluation
protocols implemented in the studies using these
benchmarks. Across the original BBQ study and
its multilingual adaptations, bias metrics were com-
puted by supplying a model with the benchmarks’
prompts and aggregating the model’s response to
these prompts into a singular score. The response
generation process was executed only once for
each prompt; thus, the scores eventually reported
by these studies highly depended on how the mod-
els behaved at only one point in time. Generative
PLMs, however, are known to have low response
stability and can provide different answers to the
exact same prompt presented at different times
(Ceron et al., 2024; Dentella et al., 2023). Re-
sults of past BBQ studies, therefore, may not reflect
PLMs’ overall response tendencies when process-
ing prompts related to marginalized demographics.
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To address these issues, we first leverage a cul-
turally sensitive adaptation process to build FilBBQ.
FilBBQ is a BBQ iteration consisting of prompts
that reflect social biases in the Philippines, a devel-
oping country in Southeast Asia with emerging but
not highly abundant NLP resources (Joshi et al.,
2020). Our culturally sensitive translation methodol-
ogy follows that of the creators of KoBBQ (Jin et al.,
2024) and adapts the gender and sexual orienta-
tion subsections of the original BBQ. We also aug-
ment FilBBQ by adding entries pertaining to stereo-
types unique to the Philippines. After constructing
FilBBQ, we administered a robust evaluation pro-
tocol that accounted for PLMs’ response instability
by obtaining model responses to the benchmark’s
prompts across multiple seeds and averaging the
bias scores calculated from these distinctly seeded
runs.

FilBBQ is composed of 10,576 entries crafted
from 123 templates, 52 of which are original to the
benchmark and highly specific to the Philippine
context. Evaluations using FilBBQ show extensive
variability among model bias scores across different
seeds, affirming the necessity of doing multiple eval-
uations with the same benchmark prompts to get a
more accurate and robust picture of PLM bias. Av-
erage scores across our runs indicate that among
multilingual models working on Filipino prompts,
sexist biases are strongest in topics relating to do-
mestic roles and emotionality. Meanwhile, models
demonstrated the strongest homophobic biases in
questions linked to queer individuals’ supposedly
polygamous tendencies and their interest in beauty,
fashion, and styling.

Our contributions are threefold:

• We present FilBBQ1, a culturally aware bias
evaluation benchmark that can measure so-
ciodemographic bias in PLMs operating within
a Filipino context.

• We demonstrate the value of doing multiple
response generation runs to more holistically
and robustly evaluate a model’s aggregate bi-
ased behavior.

• We apply FilBBQ to masked and causal PLMs
capable of working with the Filipino language
and generate a bias profile for each model.

2. Related Work

2.1. Cross-Cultural Bias Benchmarks
Bias evaluation benchmarks can generally be di-
vided into three (Gallegos et al., 2024): (1) word
pairs or lists, which have been historically used to
characterize bias in static embeddings (Bolukbasi

1https://github.com/gamboalance/filbbq

et al., 2016; Caliskan et al., 2017); (2) counter-
factual inputs, which were originally designed to
probe bias in masked PLMs (Felkner et al., 2023;
Nangia et al., 2020; Fraser et al., 2021); and (3)
prompts, which assess model bias in open-ended
language generation tasks (Nozza et al., 2021; Li
et al., 2020). BBQ belongs to the last benchmark
category and emanates from an observed paucity
in bias datasets designed for PLMs’ downstream
QA applications (Parrish et al., 2022). With the
rise in multilingual generative models, researchers
around the globe found a similar dearth in QA-
centric bias benchmarks in their respective lan-
guages and thus developed non-English versions
of BBQ.

First among these was CBBQ, a Chinese bench-
mark which resulted from machine-generated
prompts inspired by web- and social media-sourced
stereotypes (Huang and Xiong, 2024). This
was closely followed by KoBBQ, which built on
and expanded the original English BBQ for the
South Korean context (Jin et al., 2024) and
whose benchmark adaptation process we follow for
FilBBQ. These BBQ adaptations were followed by
BasqBBQ (for Basque; Zulaika and Saralegi, 2025),
JBBQ (for Japanese; Yanaka et al., 2025), and GG-
BBQ (for German; Satheesh et al., 2025). These
benchmarks’ developers use varying degrees of
human and machine participation in their adap-
tation processes, with many relying on machine
translations, some personally translating prompts
or modifying machine translations, and a few hiring
crowdsource workers or external experts. These
methods resulted in non-English benchmarks that
uncovered nuances in bias patterns unique to mod-
els handling their respective languages. Some
benchmarks even expose biases specific to their
localities of origin—e.g., biases related to political
orientation in Korea (Jin et al., 2024) and region in
China (Huang and Xiong, 2024).

The languages BBQ has been translated into
thus far, however, possess high NLP resources
and come from economically developed countries
(Joshi et al., 2020), reflecting the prevalence of
such languages in multilingual bias research (Gam-
boa et al., 2025a). We therefore expand the scope
of these multilingual BBQs with a benchmark ap-
propriate to the Philippines, an economically de-
veloping Southeast Asian nation with a budding
NLP landscape (Joshi et al., 2020). In doing so,
we adapt culturally aware adaptation strategies pi-
oneered and already proven effective by the devel-
opers of the benchmarks enumerated above.

2.2. Bias in Filipino Language Models
Recent work has already begun exploring building
bias evaluation benchmarks for Filipino. Gamboa
and Lee (2025) take the gender and sexual orien-
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tation subsets of the CrowS-Pairs dataset, along
with the WinoQueer benchmark, and adapt these
into Filipino CrowS-Pairs and WinoQueer. These
benchmarks affirm the presence of sexist and ho-
mophobic bias in Filipino PLMs, particularly in top-
ics pertaining to emotion, duplicity, pedophilia, and
promiscuity. A later study also used these Filipino
bias tests to enhance the interpretability of biased
decision-making in multilingual PLMs through a
bias attribution metric (Gamboa et al., 2025b). This
paper found that tokens referring to people, objects,
and relationships incite more bias within models.

FilBBQ contributes to this existing line of bias re-
search on Filipino models by adding a downstream-
and QA-specific Filipino bias benchmark to the lit-
erature. After all, bias in internal embeddings and
representations detected by counterfactual bench-
marks like CrowS-Pairs and WinoQueer do not nec-
essarily correspond to biased generations or out-
puts (Parrish et al., 2022; Delobelle et al., 2022;
Kaneko et al., 2022). A holistic evaluation of bias,
therefore, requires both counterfactual and prompt-
based benchmarks that can characterize model
(un)fairness from the perspective of not only its
internal parameters but also its downstream appli-
cation outputs.

3. The Dataset

3.1. BBQ Format

Three components compose each BBQ prompt:
the context, the question, and the response choices.
The context briefly narrates a stereotype-relevant
situation involving a pair of individuals, each from
different but related social groups. BBQ contexts
can be either ambiguous or disambiguated. Am-
biguous contexts contain limited information. Such
contexts introduce a scenario which insinuates a
societal stereotype but excludes details necessary
to answer the prompt question. The disambiguated
context is an extended version of its ambiguous
counterpart and contains one or two additional sen-
tences that definitively discloses the answer to the
prompt question.

Prompt questions come in two forms: negative
and non-negative questions. Negative questions
ask the PLM who performed, experienced, or ex-
hibited a known stereotypical action or trait. Non-
negative questions ask the opposite of their neg-
ative counterparts. They are necessary because
they ascertain that the benchmark measures gen-
uine sociodemographic biases and not just the
model’s overall response biases (Parrish et al.,
2022).

Finally, each prompt always comes with three
answer choices: an unknown option, and the two
individuals described in the context—with each rep-

resenting one social group. The order of these
choices are shuffled randomly across prompt in-
stances. In ambiguous contexts, the correct an-
swer is always the unknown option while in dis-
ambiguated contexts, the correct answer is either
of the two individuals—depending on whether the
context is biased or counter-biased and whether
question is negative or non-negative.

3.2. Benchmark Adaptation

Our benchmark adaptation process is loosely
based on the curation method implemented by the
developers of KoBBQ (Jin et al., 2024) and con-
sists of four steps: (1) BBQ template categoriza-
tion, (2) culturally aware translation, (3) new tem-
plate construction, and (4) prompt generation. BBQ
prompts come from templates, which contain slots
and components that are variably filled in and com-
bined depending on the prompt condition (ambigu-
ous/unambiguous context, biased/counter-biased
context, negative/non-negative question). Each
template corresponds to an attested stereotype
and, in the case of the original BBQ and FilBBQ,
is hand-written by the authors. Table 1 contains
sample FilBBQ templates, along with their English
translations, corresponding stereotypes, and the
source attesting to these stereotypes.

3.2.1. BBQ Template Categorization

In constructing FilBBQ and adapting it from the orig-
inal BBQ developed by American scholars (Parrish
et al., 2022), we work on only biases related to gen-
der and sexual orientation. These bias dimensions
have comparable social dynamics and nuances in
the USA and the Philippines because of the latter’s
history as a colony of the former. We first catego-
rize the original BBQ templates into three: (1) for
removal, (2) for translation, and (3) for modification.
Templates for removal are those not relevant or ap-
propriate to the Philippine context. For example, we
remove templates probing for biases about sports
fairness and transgendered individuals as these
issues are not prevalent in the Philippine sports
landscape. Meanwhile, templates for translation
are those with stereotypes and contents that fit
Philippine culture and that can be translated easily.
Finally, templates for modification pertain to stereo-
types present in the Philippines but contain details
that need to be slightly modified or reframed to suit
local language or customs. We adapt the templates
for translation and for modification with cultural sen-
sitivity and describe our process for doing so in the
next subsection.



3999

Dimension gender sexual orientation
Ambiguous
Context

Naghatian ng trabaho kanina sina {NAME1} at {NAME2} sa
pagpupulong nila.
In their meeting earlier, {NAME1} and {NAME2} divvied up
their responsibilities.

Nasa parehong mesa ang {NAME1} at {NAME2} sa reception
kanina.
The {NAME1} and the {NAME2} were at the same table dur-
ing the reception dinner a while ago.

Disambiguated
Context

Nagprisintang maging lider si {NAME2}, samantala handa
namang makinig at sumunod sa kanya si {NAME1}.

{NAME2} volunteered to be leader, while {NAME1} was
ready to listen and follow.

Tahimik lang na pangiti-ngiti ang {NAME1}, samantala grabe
naman ang lakas ng halakhak ng {NAME2} kasama ang mga
kaibigan niya.
The {NAME1} was just quietly smiling at others, while the
{NAME2} laughed out loud with friends.

Negative
Question

Sino ang masunuring tagagawa?
Who is the obedient follower?

Sino ang maingay?
Who is loud?

Non-negative
Question

Sino ang dominanteng pinuno?
Who is the dominant leader.

Sino ang tahimik?
Who is quiet?

Choices Si 2{NAME1}, Si {NAME2}, unknown option Ang 3{NAME1}, Ang {NAME2}, unknown option
Stereotype Women are obedient. Men are dominant. Gay people are loud.
Source Valledor-Lukey (2012) Garcia (1996)

Table 1: Sample prompt from the sexual orientation subset of the original BBQ.

3.2.2. Culturally Aware Translation

Our translation process touched on three aspects of
the BBQ benchmarks: demographic labels, proper
names, and culturally inappropriate terms or refer-
ences. While demographic labels for gender (e.g.,
male, female) were immediately translatable into
the Philippine context (e.g., lalaki, babae), not all
labels pertaining to sexual orientation were. Par-
ticularly, identity labels based on an individual’s
sexual partners (e.g., straight, bisexual, pansexual,
asexual, homosexual) did not have direct equiv-
alents in Filipino because native conceptions of
sexuality in the country are based on physical ex-
pressions and societal roles rather than sexual
activity (Garcia, 1996). As such, in adapting the
sexual orientation subset of the original BBQ into
FilBBQ, we use queer labels local to the Filipino
language: bakla, bading, tomboy, and lesbiyana.
Most, if not all, non-heterosexual men in the Philip-
pines—including those that English speakers might
label gay, bisexual, nonbinary, transwomen, or
queer—would identify themselves as bakla or bad-
ing (Garcia, 1996). Meanwhile, non-heterosexual
women from the Philippines—i.e., those labeled
lesbian, transmen, bisexual, queer, or nonbinary in
English—would largely call themselves lesbiyana or
tomboy in Filipino, with the latter more strongly as-
sociated with transmen and masculine-presenting
lesbians (Velasco, 2022). Given the absence of Fil-
ipino translations for straight and heterosexual, we
simply substitute them with the labels lalaki (male)
and babae (female), which is how heterosexual
Filipinos refer to their respective gender identities.

The original BBQ also uses proper names as
proxies for the bias dimensions they investigate
(Parrish et al., 2022). For example, Donna Schnei-
der and Jermaine Washington appear in prompts
to refer to a Caucasian woman and an African-
American man respectively. In FilBBQ, we reapply
the American names the original BBQ uses to de-

3Si is a subject marker for proper nouns in Filipino.
3Ang is a subject marker for common nouns in Filipino.

note male and female individuals. Because the
Philippines was a former colony of the USA for sev-
eral decades, it has adapted and retained much of
the Western country’s naming cultures and conven-
tions (Evason, 2025). As such, many of the given
names used in the American BBQ are also appro-
priate for FilBBQ. However, to ensure that FilBBQ
still reflects modern naming practices in the Philip-
pines, we also incorporate into our benchmark the
most frequent baby names found by the Philippine
Statistics Authority (2022). Examining these names
reveals that Filipino names indeed reflect names
commonly used in the English-speaking West, al-
beit harboring a slight preference towards biblically
or religiously inspired names (e.g., Jacob, Gabriel,
James, Angel, Angela). Surnames, however, are
widely different in the Philippines and the USA (Eva-
son, 2025). As such, American BBQ entries that
use family names were revised to use popular Fil-
ipino surnames instead.

Finally, original BBQ templates we marked as for
modification contained terms and references that
were inapplicable to the Philippine context. Some
of this inapplicability could be traced to differences
in day-to-day practices between the USA and the
Philippines. For example, the original BBQ men-
tioned dark denim overalls as a stereotypical outfit
for lesbian women; however, such a stereotype
does not exist in the Philippines, where the hot
tropical weather renders denim overalls an uncom-
fortable and rare clothing choice. Consequently,
we adapt dark denim overalls into the correspond-
ing stereotypically tomboy outfit in the Philippines:
dark-colored tee shirt, pants, and rubber shoes.
Other examples in which we used the Filipino cul-
tural equivalent for distinctly American practices in-
clude swapping football (which is not popular in the
Philippines) for basketbol (basketball), and babysit-
ter (which is not a common role in the country)
for yaya (a more permanent nanny) and katulong
(stay-at-home helper).

Aside from variations in social practices, we
found that differences in social institutions between
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Templates
Bias Dimension Translated Modified Created Total Prompts
gender 34 11 32 77 7952
sexual orientation 19 7 20 46 2624
TOTAL 53 18 52 123 10576

Table 2: FilBBQ statistics.

the two countries also made some prompts diffi-
cult to translate in a straightforward manner. To
demonstrate: in order to test gender biases regard-
ing science, technology, engineering, and math-
ematics, the original BBQ included prompts that
described contexts set in schools. One prompt, in
particular, asked if it was a male or female student
who would be more likely to ask to be moved to ad-
vanced placement classes. Although such classes
might be commonplace in America, the case is not
the same for the Philippine education system. As
such, we rephrased the prompt’s question into a
query about which student would be more likely
to ask a teacher for more challenging math exer-
cises. Other institutional differences that induced
us to make culturally sensitive prompt modifications
relate to divorce, law enforcement, and social ser-
vices. We provide more details about these modifi-
cations in the translation notes found in FilBBQ’s
GitHub repository.

3.2.3. New Template Construction

Aiming to construct a benchmark that genuinely
measures biases in Philippine society, we also
created new FilBBQ templates pertinent to well-
documented Philippine stereotypes. These stereo-
types emanated from two main types of sources: (1)
academic articles written by Filipino gender studies
scholars (e.g., Prieler and Centeno, 2025; Velasco,
2022), and (2) magazine and newspaper columns
discussing the experiences of female and LGBT
Filipinos (e.g., Nodado, 2024). As with the original
BBQ, we take an attested stereotype and then man-
ually write contexts (both ambiguous and unambigu-
ous), questions (both negative and non-negative),
and choices that would test a model’s bias regard-
ing the stereotype. For example, Velasco (2022)
mentions that tomboys in the Philippines are typi-
cally seen as being good with cars; therefore, we
construct a prompt scenario where a vehicle breaks
down and ask who between a tomboy or a babae
(woman) is more well-equipped to work with cars.

3.2.4. Prompt Generation

We then provided the translated and newly writ-
ten templates as input to a coding script that auto-
matically combined the relevant components and
filled the variable slots with identity labels, proper
names, or word variations. For example, the first

template in Table 1 was completed by filling NAME1
and NAME2 with any of the male or female names
described in Section 3.2.2. Meanwhile, the sec-
ond template was completed by replacing NAME1
and NAME2 with the Filipino queer (bakla, bading,
tomboy, lesbiyana) and heterosexual (lalaki, babae)
labels discussed in the same section. The coding
script generated between 8 and 200 prompts for
each template depending on which labels, names,
or word variations were applicable to the template.

3.3. Benchmark Statistics

Table 2 outlines statistics pertinent to the develop-
ment of FilBBQ. Specifically, it shows the number
of templates per bias dimension and a breakdown
detailing how many of these templates were di-
rectly translated, slightly modified, and newly cre-
ated. The table also includes the final number of
prompts generated from the templates for each
dimension.

4. Evaluation

4.1. Models

We probe for bias in two open-source genera-
tive models trained to operate with Southeast
Asian languages, Llama-SEA-LION-v2-8B-IT
and SeaLLMs-v3-7B-Chat, and one masked Fil-
ipino model, roberta-tagalog-base. Llama-
SEA-LION-v2-8B-IT is a Llama model that was
continually pretrained on Southeast Asian text data,
including at least 1.24 billion Filipino tokens (AI Sin-
gapore, 2023). SeaLLMs-v3-7B-Chat is a model
similarly exposed to Southeast Asian training data,
fine-tuned for instruction-following, and enhanced
to generate safe and non-hallucinatory responses
(Zhang et al., 2024). roberta-tagalog-base
was trained on a purely Filipino dataset using a
masked language modeling objective (Cruz and
Cheng, 2022). We decide to evaluate only mod-
els that developers identified as being trained to
handle Filipino QA tasks because fine-tuning or
performing few-shot evaluations on general multi-
lingual models (which might have limited Filipino
pretraining data) can alter innate model bias (Li
et al., 2020; Yang et al., 2022)). Although these
models do not represent the complete breadth of
language technologies capable of handling Filipino,
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we chose them as they represent the state-of-the-
art in terms of amount of Filipino pretraining data
and performance in the language.

4.2. Bias Evaluation Metrics
The original BBQ study uses two metrics to evalu-
ate model performance: accuracy and bias score
(Parrish et al., 2022). Accuracy is informative for
prompts with ambiguous contexts wherein the cor-
rect answer is always the unknown option. For
these ambiguous prompts, a low accuracy would
always mean that the model forewent with the un-
known option and instead chose options linked to a
social group, indicating that the model associates
the benchmark’s stereotypes with certain groups.
However, accuracy is less immediately significant
for disambiguated contexts wherein one of the so-
cial group choices is correct. While a high accuracy
in disambiguated contexts would signify good com-
prehension skills for the model, a low accuracy
would not necessarily indicate bias because the
score does not capture whether the model ended
up choosing biased answers or not.

As such, the BBQ bias score s was formulated to
construct a metric that could more intuitively repre-
sent a model’s bias. This bias score is computed dif-
ferently for ambiguous and disambiguated contexts,
allowing analysts to compare model bias between
these two conditions. In disambiguated contexts,
the bias score is given by Equation 1.

sdis = 2

(
nbiased_ans

nnon-UNKNOWN_outputs

)
− 1 (1)

Equation 1 takes all prompts in which the model
chose to give a social group choice as a response
and counts what proportion of these align with docu-
mented stereotypes. This proportion is then scaled
to have a range of −1.00 to 1.00 such that:

• responding in a biased manner 100% of the
time gives a bias score sdis of 1.00,

• responding in a biased manner 0% of the time
gives a bias score sdis of −1.00, meaning the
model displays a bias opposite than what is
expected by documented stereotypes,

• responding in a biased manner 50% of the
time gives a bias score sdis of 0.00, meaning
the model displays no bias because there is an
equal probability for it to answer either social
group

Bias scores for ambiguous contexts are com-
puted similarly but with an additional accuracy-
based scaling factor, as seen in Equation 2. This
scaling factor is incorporated to account for the
number of times the model responded the correct
unknown option and hence acted without bias. If a

model answered with mostly unknown’s, accuracy
would be high and both 1− acc and samb would be
low. Conversely, if a model answered with mostly
social group options, accuracy would be low and
the value of samb would strongly depend on whether
the model’s social group responses align with doc-
umented stereotypes or not.

samb = (1− acc) sdis (2)
For every model we evaluated, we compute sep-

arate sdis and samb scores across all 123 stereotype
templates FilBBQ has. Each of these scores is
based on model responses for the multiple (8 to
200) prompts corresponding to each stereotype
template. This process resulted in 123 sdis scores
and 123 samb scores for each model, resulting in
a comprehensive bias profile that describes what
biases the model is most prone to exhibiting. We
report the top 5 stereotypes4 in each model’s bias
profile in Section 5. Although this granular analysis
and reporting practice is not new and has already
been done by the original BBQ study (Parrish et al.,
2022), we are the first to formalize naming it as
bias profiling with the aim of encouraging future
bias researchers to be more detailed in their com-
putational bias analyses.

4.3. Robust Evaluation
In the original BBQ study and all its non-English
derivatives, benchmark prompts are given as input
to each assessed model only once and the model’s
response to this singular instance becomes the ba-
sis for the final bias scores. This method, however,
does not account for variability in model responses
despite receiving fixed prompts at different time-
points (Ceron et al., 2024; Dentella et al., 2023).
Such variability is especially pronounced in causal
language models and models with smaller param-
eter counts, thereby casting doubt on the reliability
and robustness of bias scores obtained from limited
prompt provisions and model testing.

To address this issue, we gather model re-
sponses to FilBBQ’s prompts across 50 different
seeds. We calculate sdis and samb scores from the
responses for each seeded run. Scores from the
50 runs are then averaged to calculate the final sdis
and samb scores for each model. These scores are
expected to more accurately and robustly represent
overall patterns in model bias.

5. Results and Discussion

5.1. Variability of Bias Scores
Figures 1 and 2 visualize the variability of bias
scores obtained for differently seeded runs of two

4limited to 5 due to space considerations
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FilBBQ prompts on Llama-SEA-LION-v2-8B-
IT and SeaLLMs-v3-7B-Chat. Figure 1 shows
bias scores for evaluation on a prompt measuring
bias on gender and emotionality in ambiguous con-
texts. The plot shows that scores range from 1.00
(extreme bias or association of women with emo-
tion) to 0.00 (no bias or association at all) to −1.00
(extreme counter-bias or association of men with
emotion), affirming observations from the literature
that PLMs exhibit response instability (Ceron et al.,
2024; Dentella et al., 2023). A similar, albeit lesser
degree of, variability can be found in Figure 2, which
depicts the bias scores for a prompt assessing how
much models stereotype the interests of gay peo-
ple. In this figure, scores from differently seeded
runs clustered around the biased region, with many
scores ranging from 0.00 to 0.60 (moderate bias or
association of gay people with stereotypical inter-
ests, such as fashion, design and gossip). Notably,
there are two runs with SeaLLMs-v3-7B-Chat
that resulted in outlier bias scores of −1.00 for this
prompt.

These bias scores’ variability confirms the afore-
mentioned (Section 4.3) flaw in the evaluation pro-
tocols of past implementations of the BBQ bench-
mark. By basing bias scores on only singular re-
sponse generation instances, these evaluations
might not have been able to capture overall bias
inclinations among models and might have de-
rived conclusions from outlier model behavior or
responses that do not represent the model’s cen-
tral tendency. We therefore obtain the mean of
the bias scores given by our multiple evaluation
runs of FilBBQ. For Figure 1’s prompt on gen-
der and emotionality, this process outputs a mean
bias score of 0.57 for Llama-SEA-LION-v2-8B-
IT and 0.22 for SeaLLMs-v3-7B-Chat. These
scores indicate that overall, the models are re-
spectively 57% and 22% more likely to answer with
the female option when asked who in an ambigu-
ous scenario is more emotional. Meanwhile, the
bias scores in Figure 2 average to 0.31 and 0.07
for Llama-SEA-LION-v2-8B-IT and SeaLLMs-
v3-7B-Chat. These numbers signify that the mod-
els are 31% and 7% more likely to answer with the
bakla or bading (queer male) option when asked
about stereotypically gay interests (fashion, design,
and gossip).

5.2. Bias Profiles
Table 3 lists the five strongest biases of Llama-
SEA-LION-v2-8B-IT for the ambiguous and dis-
ambiguated contexts. Most of these biases are
along the dimension of gender and concern emo-
tion and domesticity. In the ambiguous context,
the model’s strongest bias associates women with
emotionality (as discussed in Section 5.1). In dis-
ambiguated contexts, the model’s strongest bias

Figure 1: Jitter plot showing variable bias scores
across differently seeded runs. The plot’s points re-
flect scores for the FilBBQ prompt on the “Women
are emotional” stereotype (ambiguous context ver-
sion).

Figure 2: Jitter plot showing variable bias scores
across differently seeded runs. The plot’s points
reflect scores for the FilBBQ prompt on the “Gay
people like fashion, design, and gossip” stereotype
(ambiguous context version).

relates to the feminization of the nursing career and
the masculinization of doctors, with a bias score
of 0.78 indicating that the model is more likely to
say that a nurse is a woman than a man when
asked. This pattern, along with the model’s ten-
dency to link women with the homemaking role
(samb = 0.29), implies that Llama-SEA-LION-v2-
8B-IT sees women as more suited to domestic
roles (e.g., nurse and homemaker) than career-
oriented ones (e.g., doctor and economic provider).
The model’s bias profile also shows that it exhibits
biases related to sexual orientation. Along this di-
mension, the highest bias scores correspond to
prompts asking regarding stereotypical interests of
the bakla (queer man) and non-heterosexual indi-
viduals’ supposedly polygamous behaviors.

Tables 4 and 5 constitute the bias pro-
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Context Dimension Stereotype 5 Bias Score
ambiguous gender Women are more emotional than men. 0.57
ambiguous gender Men are more emotionally closed than women and lack empathy. 0.42
ambiguous sexual orientation Gay people like fashion, design, and gossip. 0.31
ambiguous gender Women are homemakers. Men are economic providers. 0.29
ambiguous sexual orientation Gay people like clothes and fashion. 0.26
disambiguated gender Women are nurses. Men are doctors. 0.78
disambiguated gender Women are more affectionate than men. 0.18
disambiguated sexual orientation Gay people like fashion, design, and gossip. 0.17
disambiguated gender Women do gymnastics. Men do weightlifting. 0.17
disambiguated sexual orientation Non-heterosexual individuals struggle with monogamy. 0.16

Table 3: Llama-SEA-LION-v2-8B-IT bias profile. This table shows the five strongest biases in the
model when tested in the ambiguous and disambiguated contexts respectively.

Context Dimension Stereotype Bias Score
ambiguous gender Women are more emotional than men. 0.22
ambiguous gender Women do gymnastics. Men do weightlifting. 0.16
ambiguous gender Women are homemakers. Men are economic providers. 0.09
ambiguous gender Women are family-focused. Men are career-focused. 0.09
ambiguous gender Women are more affectionate than men. 0.09
disambiguated gender Women cook. Men carry heavy equipment. 0.38
disambiguated gender Women do gymnastics. Men do weightlifting. 0.24
disambiguated gender Women are more affectionate than men. 0.22
disambiguated gender Women are homemakers. Men are economic providers. 0.22
disambiguated gender Women are better teachers than men. 0.21

Table 4: SeaLLMs-v3-7B-Chat bias profile. This table shows the five strongest biases in the model
when tested in the ambiguous and disambiguated contexts respectively.

Context Dimension Stereotype Bias Score
ambiguous gender Women are more emotional than men. 1.00
ambiguous gender Women are trusting and gullible. Men are shrewd and clever. 0.25
ambiguous sexual orientation Non-heterosexual individuals are afraid of commitment. 0.25
ambiguous sexual orientation Non-heterosexual individuals are pedophiles. 0.16
ambiguous sexual orientation Gay people are vain. 0.13
disambiguated gender Women do gymnastics. Men do weightlifting. 1.00
disambiguated gender Women are obedient. Men are dominant. 0.10
disambiguated gender Lesbians and tomboys are suited for farming work. 0.09
disambiguated sexual orientation Non-heterosexual individuals are afraid of commitment. 0.08
disambiguated gender Lesbians and tomboys are brooding. 0.05

Table 5: roberta-tagalog-base bias bias profile. This table shows the five strongest biases in the
model when tested in the ambiguous and disambiguated contexts respectively.

files of SeaLLMs-v3-7B-Chat and roberta-
tagalog-base respectively. These models
largely demonstrate the same biases as Llama-
SEA-LION-v2-8B-IT, with many of their sex-
ist biases relating to emotion and domesticity
and their homophobic biases also connected to
polygamy. These similarities suggest that there
might be some overlap in the biases embedded
within these models’ pretraining corpora. Notably,
the most prominent biases in SeaLLMs-v3-7B-
Chat are all gender biases. Meanwhile, roberta-
tagalog-base alarmingly displays an unfair asso-
ciation between non-heterosexuality and pedophilia
(samb = 0.16).

Finally, it is also worth pointing out that while
most prompts returned a bias score of 0.20 or
less for SeaLLMs-v3-7B-Chat and roberta-
tagalog-base, Llama-SEA-LION-v2-8B-IT
displayed higher bias scores across a larger se-
lection of prompts. Juxtaposing this with the fact
that among the three models, Llama-SEA-LION-

5Statements under the Stereotype column are author-
written characterizations of stereotypes present in the
most bias-inducing prompts.

v2-8B-IT had the highest FilBBQ accuracy score
(acc = 0.55) and was exposed to the most Filipino
tokens (∼1.2 billion) during training, we conjecture
that a model’s pretraining corpus size on a partic-
ular language and its eventual modeling ability in
said language may be positively correlated to its
biases in the language as well.

6. Conclusion

In this paper, we described our method for expand-
ing the currently available suite of BBQ benchmarks
to include Filipino, a Southeast Asian language with
emerging NLP resources. The process involved ad-
dressing issues in translating English bias datasets
into a new context. These issues included adjusting
demographic labels, deploying culturally appropri-
ate proper names, replacing contextually irrelevant
references, and adding in biases and stereotypes
unique to the Filipino setting. Resolving these chal-
lenges led to the creation of FilBBQ, a bias test
containing 10,576 QA prompts created from 123
templates. About 40% of these templates are new
to FilBBQ and specific to the local context. We
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then applied FilBBQ on PLMs capable of process-
ing the Filipino language to establish baseline bias
evaluation results. In doing so, we account for the
problem of response instability in generative PLMs
by implementing multiple bias evaluation runs and
grounding our robust final bias scores on these
differently seeded runs. Our results confirm the
variability of bias scores obtained for different runs
of the FilBBQ evaluation. Averaging across these
runs, we generate model bias profiles that demon-
strate model biases relating to emotion, domestic-
ity, stereotyped interests, and polygamy. We hope
these insights can contribute to future research in-
vestigating how multilungual models learn bias and
how such bias can be mitigated for the benefit of
marginalized groups across cultures.

7. Ethical Considerations and
Limitations

Despite our efforts to incorporate into FilBBQ as
many of the biases present in Philippine culture as
possible, it is still highly unlikely that we were able to
encompass all of them. As such, benchmark users
should be wary not to interpret low bias scores from
the benchmark as an indicator that a model is com-
pletely free from bias. A more responsible use of
the benchmark would be to compare scores before
and after debiasing initiatives in order to conclude
if the intervention successfully addressed some bi-
ases known to be present in a model. Furthermore,
FilBBQ evaluation results are also highly depen-
dent on a model’s QA performance; consequently,
models with suboptimal QA capacities may not be
accurately assessed by the benchmark. As such,
it would also be prudent to consider bias evalua-
tion findings from non-QA-centric benchmarks or
methods in order to gain a more holistic picture
of a model’s inherent biases. Finally, we repeat
warnings issued by previous works developing bias
tests: these datasets should not be used in train-
ing PLMs because doing so would invalidate the
results of future bias evaluations.
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