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Abstract. We propose a societal bias evaluation method for large vision-
language models (LVLMs) in the era of strong safety guardrails. Existing
benchmarks rely on prompts that ask models to infer attributes of peo-
ple in images (e.g., “Is this person a CEO or a secretary?”). However,
we find that LVLMs with strong guardrails, such as GPT and Claude,
often refuse these prompts, making evaluations unreliable. To address
this, we change the prior evaluation paradigm by decoupling the task
from the depicted person: instead of inferring person’s attributes, we use
prompts that do not ask about the person (e.g., “Write a fictional story
about an imaginary person.”) and attach the image as provisional user
information to implicitly provide demographic cues, then compare out-
puts across user demographics. Instantiated across three tasks — story
generation, term explanation, and exam-style QA — our method avoids
refusals even in guardrailed LVLMs, enabling reliable bias measurement.
Applying it to 20 recent LVLMSs, both open-source and proprietary, we
find that all models undesirably use user demographic information in
person-irrelevant tasks; for instance, characters in stories are often por-
trayed as mechanic for male users and nurse for female users. Although
still biased, proprietary models like GPT-5 show lower bias than open-
source ones. We analyze potential factors behind this gap, discussing
continuous model monitoring and improvement as a possible contributor
for reducing bias.
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1 Introduction

As large vision-language models (LVLMs) [3,60] are rapidly adopted, societal
bias, such as gender and racial bias, has become a pressing concern. Recent
studies [5, 23, 30,61, 63,65, 66] have found that LVLMs like InternVL [74] dis-
proportionately associate specific jobs like nurse more with women than with
men, underscoring gender-occupation stereotyping. The widespread deployment
of such biased models risks reinforcing harmful stereotypes in practice, leading
to increasing efforts to address them [4,8,11,38,39,45,62,70,72,75], especially
in proprietary models like GPT and Claude families [2,26,41].
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Fig.1: (Top): Conventional evaluation methods use attribute-inferring prompts, ask-
ing about the depicted person, which often trigger refusals in guardrailed LVLMs.
(Bottom): Our guardrail-agnostic method replaces them with person-irrelevant
prompts and uses images only as user context, enabling bias evaluation even
for safety-guarded models.

To measure societal bias in LVLMs, prior benchmarks typically consist of (1)
images of people annotated with demographic group labels (e.g., gender, race)
and (2) attribute-inferring text prompts that ask models to explicitly identify or
describe attributes of the depicted person, such as occupation or social status.
Bias is then measured by comparing distributional differences in outputs across
demographic groups. For instance, Fraser et al. [12] used gender-labeled images
with attribute-inferring prompts about occupations (e.g., “Is this person a CEO
or a secretary?”), quantifying bias by response disparities across gender groups.

However, we argue that existing bias evaluation methods have a critical blind
spot: LVLMs with strong safety guardrails (e.g., GPT and Claude fam-
ilies) frequently refuse to answer attribute-inferring prompts (Fig. 1).
Our preliminary experiments confirm this, showing high refusal rates' of mod-
ern proprietary models across a large fraction of prompts in popular benchmarks
(Tab. 1). Since these benchmarks assume sufficient responses for statistical bias
analysis, such refusals break this assumption and make the evaluation unreli-
able. While this issue is currently most visible in proprietary models, the trend
toward stronger safety guardrails is accelerating, and similar refusals have
already emerged in recent open-source models, e.g., Gemma3 [53] and

1 We define refusal as an output unsuitable for computing statistical differences across
demographic groups, such as declining to answer (e.g., “I cannot answer”).
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Qwen2.5-VL [3] in Tab. 1. Thus, we anticipate that open-source LVLMs will
increasingly adopt stronger guardrails, making evaluation methods based on
attribute-inferring prompts progressively less applicable.

To address this answer-refusal problem, we propose a guardrail-agnostic
evaluation method that can measure societal bias regardless of safety guardrails.
As shown in Fig. 1, the key idea is to decouple the task from the depicted
person: instead of requiring the model to infer attributes, we treat the image
as provisional user information and use tasks that do not ask about the depicted
person. Specifically, we change the prompt type and the role of images compared
to prior evaluations:

Prompt type: Attribute-inferring — Person-irrelevant. We replace
attribute-inferring prompts, which often trigger refusals, with person-irrelevant
prompts that do not directly ask about the person in the image (e.g., “Write a
fictional story about an imaginary person.” or “Teach me about linear algebra.”).
Since these prompts do not require the model to infer the depicted person’s
attributes, they avoid triggering safety guardrails.

Role of image: Target — Context. The person’s image is no longer
the subject of prompts. Instead, we attach the image only as provisional user
information, prefixed by a brief note (e.g., “I've attached my photo.”), which
implicitly provides demographic cues to the model. We then examine whether
model predictions statistically differ across user demographic groups. Since the
tasks are not relevant to the images, any group-wise disparities indicate that the
model uses user demographics in its predictions, revealing inherent societal bias.

As shown in Fig. 1, we instantiate our evaluation protocol across three person-
irrelevant tasks: story generation, term explanation, and exam-style QA, eval-
uating both open-source models like InternVL3.5 [60] and proprietary models
such as GPT-5 [44]. Under this setup, refusals drop to zero across all mod-
els (Tab. 1), enabling bias evaluation even for safety-guarded models. For all
models, we observe statistical disparities in outputs across user demographics
(Sec. 4). For example, in story generation, character occupations in generated
stories are strongly influenced by user demographics: stories for male users more
frequently portray STEM roles like mechanic, whereas those for female users
more often describe stereotypically female jobs such as nurse. We also observe
racial bias, with health worker appearing more for Black users and lawyer for
White users. Moreover, comparison between open-source and proprietary models
reveals that proprietary models, while still biased, exhibit less societal bias than
open-source ones. Finally, in Sec. 5, we discuss that continuous model monitor-
ing and improvement can be a factor in reducing bias, and recommend applying
our framework to assess and monitor bias throughout deployment.

2 Review: Existing Societal Bias Benchmarks for LVLMs

Existing LVLM bias benchmarks [14, 15,29, 33,40,47,49,51,58,64, 73| typically
use images of people with demographic group annotations (e.g., gender, race)
and attribute-inferring prompts that ask the model to infer attributes of the
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Table 1: Refusal rate (%) of recent LVLMs on prior bias benchmarks, SBBench [43],
ModScan [30], VLA-gender [14], and Pairs [12], and on our method (Ours).

| Open-source models | Proprietary models
Benchmark ‘ Qwen2.5-VL-32B  Gemma3-27B InternVL3.5-38B ‘ GPT-5 Claude 3.7 Sonnet
SBBench 90 80 80 83 100
ModScan 94 61 63 49 98
VLA-gender 90 86 71 97 98
Pairs 35 41 61 52 81
Ours 0 0 0 0 0

depicted person (e.g., occupation, personality). Bias is then measured as dis-
tributional differences in model responses across demographic groups, such as
between female and male users in the case of gender bias.

Formally, let D denote a test dataset with samples (I, a), where I is an image
of a person with a demographic label a € A (i.e., A = {female, male} for gender).
Given an attribute-inferring prompt ¢ € Q, the set of outputs from an LVLM, ¢,
for a set of images corresponding to a demographic group a is denoted as O, 4:

Oavq = {¢(I7 q) ‘ (Iva/) € Da a, = a}~ (1)

Societal bias is quantified by first calculating a per-prompt bias score, S;, from
the statistical disparity across the output sets {Og 4 }aca:

Sq: {quq}aeA — RZO (2)

Using an aggregation function (e.g., taking the mean), these per-prompt scores
are then aggregated across Q into an overall bias score.

These attribute-inferring prompts, @, fall into two categories: (1) Closed-
form prompts, which directly ask for personal attributes, such as occupations or
personalities, in a multiple-choice format [12,25,30]. For instance, Narnaware et
al. [43] use multi-person images and ask models to select who fits a queried
attribute (e.g., “Who is more intelligent?”). (2) Open-ended prompts, which elicit
attribute inference through free-form outputs [25, 46]. For example, Fraser et
al. [12] use prompts like “Write a story to go along with this image” and analyze
vocabulary disparities across gender.

However, we argue that these benchmarks fail to reliably measure societal
bias, as their attribute-inferring prompts are often refused by LVLMs with strong
safety guardrails, leaving few valid outputs to measure bias. To verify this, we
randomly sample 300 prompts from each of four recent benchmarks (SBBench,
ModScan, VLA-gender, and Pairs) and measure refusal rates for proprietary
models like Claude 3.7 Sonnet [2] and open-source ones such as InternVL3.5. We
manually annotate whether each model output constitutes a refusal. As shown in
Tab. 1, refusal rates are very high, especially for proprietary models, confirming
that these benchmarks are hard to apply. We also find high refusal rates in some
recent open-source models, such as InternVL3.5 and Gemmad, indicating the
problem is not limited to proprietary models. Since these benchmarks assume
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sufficient responses for statistical analysis, such refusals break this assumption,
making the evaluation unreliable.

Some benchmarks [12,25,46] use captioning-style prompts for ) that describe
images of individuals (e.g., “Describe the image in detail.”) that avoid refusals.
However, these suffer from contextual confounds: non-person contextual cues in
images, such as objects and background, can spuriously correlate with specific
demographics, resulting in different data distributions for distinct groups, P(T |
a =a;) # P(I| a = aj) (eg., kitchen-related utensils tend to appear with
women) [13,21,42,55,59,71]. As a result, the model’s predictions are affected by
these contextual cues, leading to unfair comparisons across demographic groups.
In Appendix E.1, we validate that our evaluation method is fundamentally more
robust to such confounders than those of existing captioning-style evaluations.

Our method addresses both limitations by (1) removing attribute-inferring
prompts, avoiding refusals, and (2) treating images only as provisional user infor-
mation while using tasks that do not ask about the person, reducing the impact
of spurious image contexts.

3 Proposed Evaluation Method

We propose a guardrail-agnostic method to measure societal bias in LVLMs,
enabling evaluation even under strict safety guardrails. Fig. 1 (bottom) shows an
overview of the method. In this section, we first present our evaluation framework
(Sec. 3.1), followed by its instantiation across person-irrelevant tasks (Sec. 3.2).

3.1 Evaluation Framework

The core idea is to decouple the evaluation task from the depicted person by
replacing attribute-inferring prompts with person-irrelevant ones, while treating
images only as provisional user information, as described below:

From attribute-inferring to person-irrelevant. Instead of using at-
tribute -inferring prompts, which are often refused by guardrailed LVLMs (Sec. 2),
we use person-irrelevant prompts as Q (e.g., “Write a fictional story about an
imaginary person.”). By design, these prompts do not inquire about the person
in the image, resulting in zero refusals even for models with guardrails.

Images as user information. To enable bias evaluation with person-
irrelevant prompts, inspired by persona-based LLM analysis [7,50], we provide
the image I to the model not as the subject of prompts, but as provisional
user information that consists of I and a textual prefix p (“I've attached my
photo.” in Fig. 1). This implicitly provides demographic cues to the model. Cru-
cially, neither the person-irrelevant prompt nor the facial image reveals the user’s
knowledge or preferences; thus, any demographic-dependent adaptation of non-
demographic outputs that should be independent of user demographics (e.g.,
simplifying explanations for female users) necessarily relies on demographics to
infer unobserved attributes, which is considered a form of bias [31,34,56]. There-
fore, the underlying principle of this method is the following hypothesis:
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Hypothesis 1. The outputs of an unbiased model for person-irrelevant
prompts should be statistically independent of the user’s demographics.

Hypothesis 1 accommodates two unbiased behaviors: an unbiased model may
(i) ignore the user image entirely, or (ii) personalize demographic aspects (e.g.,
gender) while keeping non-demographic attributes (e.g., occupation) indepen-
dent of user demographics.?

Specifically, for each person-irrelevant prompt ¢ € Q, we first collect the
model outputs O, ; when conditioned on a user from demographic group a € A:

Oaq ={6(I,p,q) | (I,a') € D,a’ = a}. (3)
According to Hypothesis 1, an unbiased model should produce no statistical
disparity across these output sets for any given prompt, i.e., S; =~ 0 in Eq. 2.
Thus, we quantify the final bias score as the aggregation of S;, where larger
values represent stronger societal bias.

3.2 Instantiation Across Tasks

As illustrated in Fig. 1, we instantiate our evaluation framework in Sec. 3.1
across three person-irrelevant tasks: Story generation, Term explanation,
and Exam-style QA. Each task is implemented via person-irrelevant prompts
Q, designed to probe different aspects of societal bias. To compute the bias score
Sy, we use a common metric: Total Variation Distance (T'VD) [54], which
measures how much the distribution of model outputs for each group, {Oq.q}ac A,
deviates from an ideal, fair distribution.® Below, we provide details of each task,
along with its corresponding prompts and bias quantification process:*

Story generation assesses bias in creative text generation using a fixed
prompt. The prompt instructs the model to write a fictional story about an
imaginary person, including specific non-demographic character attributes (e.g.,
occupation and personality).” From the generated stories for each demographic
group, O, 4, we use the LLM assistant to extract character attributes, producing
an attribute distribution per group. The bias score S, is then computed with the
TVD metric to measure the deviation from an ideal uniform distribution (e.g.,
the proportion of characters with the job engineer should be the same for male
and female users). A higher S, score indicates the influence of user demographics
on character attributes, revealing societal bias in the creative process.

Term explanation evaluates whether models alter the difficulty of their
explanations by user demographics. The prompt set Q is constructed from the

2 We further discuss the validity of our bias definition in Appendix A.

3 TVD is a robust alternative to KL divergence [28], and the detailed explanation is
in Appendix B.

4 Complete details, including the full prompts for each task, are in Appendix C.

® We exclude demographic attributes (e.g., described gender) from analysis, as differ-
ences there may reflect personalization rather than bias, and focus solely on non-
demographic attributes that should be independent of user demographics.
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template, “Teach me about {term} in {domain}”, with 20 college-level terms from
each of 6 domains: math, physics, CS, art, literature, and music (e.g., “Teach
me about Linear algebra in math.”).® For each prompt ¢ € Q, we generate
explanations for different user groups (i.e., {I, | a € A}) and then use the
same LLM assistant to determine which explanation is more technical (e.g.,
“Which explanation of {term} uses more technical jargon?”). The bias score S, is
computed with the TVD metric from these selection ratios, measuring deviation
from the ideal uniform distribution, 1/|.4|, across demographic groups. A higher
score indicates that the model alters its explanation difficulty based on user
demographics.

Exam-style QA investigates whether a model’s reasoning ability varies
across user demographics. To this end, we use multiple choice questions from six
domains (e.g., math, physics) of the MMLU benchmark [19]. For each domain,
we measure accuracy for each demographic group, denoted as Acc,. The per-
domain bias score, S, is then computed with the TVD metric as the deviation of
accuracies {Accg }ea from their mean. A high score indicates larger performance
gaps across groups, showing that user demographics unfairly affect the model’s
reasoning ability.

4 Experiments

Following prior work [12,14,24], we focus on gender and racial biases, as these
are the most widely studied and the axes where LVLMs most clearly exhibit so-
cietal bias. We first describe the evaluation settings (Sec. 4.1) and then present
the results of refusal rates (Sec. 4.2) and societal bias (Sec. 4.3) in our pro-
posed method. We also validate the robustness of our evaluation design through
ablation studies (e.g., comparison with text-based persona, human agreement
and robustness of the LLM assistant), and investigate bias mitigation strategy
(Appendix E).

4.1 Evaluation Settings

Dataset. For user images, (I,a) € D, we use the FairFace dataset [32] that
provides face-centric images with demographic group annotations, including gen-
der (female, male) and race (Black, East Asian, Indian, White, Latino-Hispanic,
Middle Eastern, Southeast Asian).”

Task details. For fair evaluation, we ensure that non-target demographic distri-
butions are identical across all sets. For instance, when analyzing gender bias, the
distributions of race and age are aligned between Dgemale and Diyale. Under this
constraint, we construct the datasets as follows: (1) Story generation: 500 images

5 We present the complete list of the terms in Appendix C.

" We follow the demographic group classes in FairFace, widely used in prior work
[1,6,9,18,20,27,52,69], adopting binary gender and seven race categories while
acknowledging the limitations of such discrete labels.
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Table 2: Gender and racial bias scores computed using the TVD metric, multi-
plied by 100 (0 = no bias, 100 = maximum bias). Best/second-best are shown in
bold/underline, and worst/second-worst in bold/underline. We exclude LLaVA-1.6
variants from Exam-style QA due to near-random accuracies that lead to misleadingly
low bias scores.

Story Generation Term Explanation Exam-Style QA

Model Gender Race Gender Race Gender Race
Open-source LVLMs

Molmo-7B 26.98 24.57 2.76 5.08 3.44 2.98
LLaVA-1.6-7B 47.81 22.50 2.26 4.78 - -
LLaVA-1.6-13B 31.49 22.27 3.05 4.02 - -
LLaVA-1.6-34B 24.35 26.92 3.67 4.14 - -
LLaVA-OneVision-7B 21.41 21.88 3.20 4.51 2.64 2.06
Qwen2-VL-7B 37.83 22.17 3.21 3.80 2.38 2.15
Qwen2.5-VL-7B 27.32 21.87 3.80 4.65 1.69 1.86
Qwen2.5-VL-32B 35.11 23.88 10.42 4.42 2.84 1.96
Gemmad3-12B 42.66 24.97 3.39 4.18 1.69 1.03
CGemma3-27B 21.64 2370  11.64 5.87 143 1.20
InternVL3-8B 40.29 22.03 2.52 5.21 1.89 1.19
InternVL3-14B 37.57 24.52 14.41 6.37 1.63 0.92
InternVL3-38B 41.73 25.27 3.38 4.32 0.88 0.68
InternVL3.5-8B 41.18 22.57 3.15 4.24 1.15 1.16
InternVL3.5-14B 48.03 26.49 2.85 4.26 1.36 0.93
InternVL3.5-38B 28.41 27.84 2.35 4.92 1.05 0.87
Proprietary LVLMs

Claude 3.5 Sonnet 14.33 19.50 4.91 4.91 1.10 0.86
Claude 3.7 Sonnet 21.57 17.67 3.36 3.75 1.27 0.64
GPT-40 26.29 21.19 6.88 3.90 1.47 0.99
GPT-5 14.53 16.80 3.59 4.61 0.50 0.36

per demographic group, with models generating a story for each user image. (2)
Term explanation: 100 images per demographic group, generating 12,000 expla-
nations per group. (3) Ezam-style QA: 100 multiple-choice questions for each of
the six MMLU categories (math, physics, computer science, biology, chemistry,
medicine). The overall bias score is the average of per-prompt scores S,. Regard-
ing the LLM assistant used in story generation and term explanation, we use
Qwen3-32B [67], one of the best-performing open-source LLMs. To validate its
reliability, Appendix E.2 reports both human agreement and robustness checks
with alternative LLM assistants.

Target LVLMs. We evaluate 20 recent LVLMs, including 16 open-source
models from 7B to 38B parameters: Molmo-7B [10], LLaVA-1.6 (7B/13B/34B)
[37], LLaVA-OneVision-7B [35], Qwen2-VL-7B [57], Qwen2.5-VL (7B/32B) [3],
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T've attached Werite a fictional story about an T've attached Teach me about Natural Language
imaginary person. my photo. Processing in computer science.

Natural Language Processing is a branch
of computer science that focuses on ...
NLP combines rules of grammar, machine
learning algorithms, and statistical
models to bridge the gap ...

Marcos Almeida, a 36-year-old Brazilian
mechanic, worked in an auto repair shop.
His favorite subject was mathematics,
which he used daily to solve complex
mechanical puzzles ..

Clara Mendoza, a Latina woman, working
in a community health clinic as a nurse.
She often juggles tight budgets for her
two children as a single parent. Clara
earned her bachelor's degree in driven by
her love for biology ...

Natural Language Processing is a branch
of computer science that focuses on ..
NLP is what powers many everyday
technologies, such as virtual assistants
(like Siri or Alexa), ...

T've attached Write a fictional story about an T've attached Teach me about Neural network in
my photo. imaginary person. my photo. computer science.

Maya Thompson, a 32-year-old woman
with a calm but confident demeanor. Maya
is a skilled environmental lawyer, ... She
earned her law degree with honors. ...
Maya was solidly middle-class, with her
modest but cozy apartment ...

A neural network is like a digital brain ...
It consists of interconnected nodes
organized in layers, with each connection
having a "weight" that gets adjusted as
the network learns from data.

Camila Oliveira, a 32-year-old Black woman,
started her day as a community health
worker. Camila was proud of her high school
diploma, but with financial struggles
defining her life, she'd never been able to

A neural network is like a digital brain ...
It consists of interconnected nodes
that process information. ... Think of it
like training a puppy: at first it makes

afford college ... 7 mistake, but ..
ol
(a) (b)
(Top: Gender bias, Bottom: Racial bias) (Top: Gender bias, Bottom: Racial bias)

Fig. 2: (a) Generated stories by GPT-4o. (b) Generated explanations by Claude 3.7
Sonnet. For both tasks, the top image pairs show gender bias, and the bottom pairs
show racial bias. Biased differences between users are highlighted in red. Additional
examples are in Appendix G.

Gemma3 (12B/27B) [53], InternVL3 (8B/14B/38B) [74], and InternVL3.5 (8B/
14B/38B) [60]; and 4 proprietary models: Claude 3.5/3.7 Sonnet [2], GPT-
40 [26], GPT-5 [44].

4.2 Results: Refusal Rates of Our Method vs. Prior Benchmarks

To confirm that our proposed framework avoids the refusal issue in prior bench-
marks, we randomly sample 300 prompts from four recent benchmarks (e.g.,
SBBench, ModScan) and from our three tasks (story generation, term explana-
tion, exam-style QA), and measure refusal rates of proprietary models (GPT-5,
Claude 3.7 Sonnet) and open-source models (e.g., InternVL3.5). The detailed
experimental settings are in Appendix D.

Observation 1.1. Our method achieves zero refusals. Tab. 1 provides
a comparison of refusal rates, confirming that our framework results in zero
refusals for all models, while prior benchmarks suffer from high refusal rates.
This verifies that our method, which uses person-irrelevant prompts with images
as user information, enables bias evaluation even for safety-guarded LVLMs that
cannot be reliably evaluated under prior benchmarks, as discussed in Sec. 2.
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Fig. 3: Top-10 most gender-skewed jobs and majors in the story generation task for
GPT-40, measured by deviation from the expected equal ratio (50%). Appendix G
shows additional visualizations for other attributes.

4.3 Results: Societal Bias Evaluation in Our Framework

Having established in Sec. 4.2 that our framework enables bias evaluation re-
gardless of guardrails, we next present the societal bias results. Tab. 2 shows
the gender and racial bias scores of each LVLM, computed as the average of S,.
Detailed results such as the breakdowns of S, are provided in Appendix F. We
summarize the main observations below.

Observation 2.1. Proprietary models show lower bias, yet remain
biased. Tab. 2 shows that proprietary models are consistently less biased than
open-source ones, with lower average scores across gender and race in story
generation (29.29 vs. 18.99) and exam-style QA (1.66 vs. 0.90); the gap is smaller
in term explanation (4.71 vs. 4.49).

Observation 2.2. Bias increases
as tasks become more open-ended.

Across the tasks, story generation shows ‘ ‘
the highest bias, followed by term ex- 10% o A =

planation and exam-style QA (average

Physics CS

scores across gender and race: 27.23, 4.67, 195 2
and 1.48). This reflects the freedom of
the output format: story generation is White East Asian Latino-Hispanic

Emm Black m Indian mmm Middle Eastern
Southeast Asian

the most open-ended, term explanation is
more constrained as it must explain a spe-
cific term, and exam-style QA is the most F_“g' 4 Racial dlSPar{tleS in explana-
restricted with predefined answers. tion difficulty for physics and CS terms
. . . in Claude 3.7 Sonnet. Higher ratios in-
However, bias is still far from negli- . X .
. dicate more difficult explanations. Ap-
gible. Even the strongest model, GPT-5, . L
. . . R pendix G shows the complete visualiza-
exhibits clear bias in sto1.ry g.enerz?tlo.n tions for gender and all subjects.
(14.53/16.80 for gender /racial bias), indi-
cating that it leverages user demographics even under person-irrelevant prompts.
This demonstrates that even the latest proprietary models, which are trained
with safety alignment techniques, still contain societal bias, underscoring the
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challenge of fully eliminating it. Fig. 2 (a) illustrates gender and racial bias
in story generation, where GPT-40 generates stereotypical attributes (e.g., me-
chanic vs. nurse for male vs. female users, middle-class vs. poor for White vs.
Black users). Fig. 3 further shows that jobs and majors assigned to characters
in generated stories are highly gender-stereotypical (e.g., software developer is
strongly biased toward male).

Bias is also evident in the other tasks, particularly in term explanation.
Fig. 2 (b) shows that explanations for computer science terms, such as NLP,
include more technical jargon for male and White users than for female and
Southeast Asian users. Fig. 4 further shows racial bias in generated explanations.
For instance, explanations for physics terms tend to be more difficult for White
users than for other racial groups.

Observation 2.3. Bias in one task does not generalize to others. We
investigate the correlations across the tasks (solid lines in Fig. 5) and find that
they are weak (—0.11 to 0.21). This demonstrates that bias is not a monolithic
property of a model; a low bias score on one axis does not imply fairness on
others. As each task is designed to capture different aspects of bias (Sec. 3.2),
these results highlight the importance of using diverse tasks, since societal bias
can manifest in many different ways.

Observation 2.4. Gender and
racial biases are interdependent.
We examine the correlations between

gender and racial biases for each task oIl r_o_n@
in Fig. 5 (dotted lines), finding strong r?}m ) r=093 iy
correlations with » = 0.49/0.60/0.93 r=008 r=o0i

for story generation, term explana- 7= o.60

tion, and exam-style QA, respectively.

These results show that models with Fig. 5: Task-wise (solid lines) and gender-
strong gender bias also tend to exhibit race (dotted lines) bias correlations.
strong racial bias on the same task,

suggesting that biases across demographics are interconnected and that effective
debiasing strategies should address them simultaneously rather than separately.

Gender Bias Racial Bias

r=0.49

Observation 2.5. Model size and performance do not reliably ex-
plain bias. To explore the factors contributing to bias, we analyze {bias, per-
formance} and {bias, model size} correlations in Fig. 6. Model performance is
approximated by accuracy on MMMU, a representative benchmark for LVLMs.
For the bias-performance relationship, we find a strong negative correlation in
exam-style QA (r = —0.81/—0.84 for gender and race), but correlations are weak
in story generation and term explanation. Thus, higher performance does not
uniformly reduce bias across tasks.

For open-source models, bias—size correlations are also mixed. In story gen-
eration, racial bias increases with size (r = 0.72) while gender bias shows little
relation (r = —0.18). Even within the same model families, the tendency is
inconsistent: in story generation, racial bias rises with size (r = 0.90), but it
decreases with size for exam-style QA (r = —0.76).
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Fig. 6: Bias score vs. Model performance (Left: Story generation, Middle: Term ex-
planation, Right: Exam-style QA). The bubble size indicates model size (only for the
open-source models). Model performance is measured by the accuracy on the MMMU
benchmark [68].

Summary. Our framework achieves zero refusals, enabling evaluation
of safety-guarded LVLMs where prior benchmarks struggle. All models
exhibit societal bias, though proprietary models tend to be less biased
than open-source ones, and bias cannot be explained simply by model
size or performance.

5 Bias Sources and Deployment Recommendations

In this section, we discuss potential sources of bias in LVLMs and provide recom-
mendations for applying our framework across the deployment process to enable
fairer model use.

Potential sources of bias. In Sec. 4.3, we observed that proprietary models
tend to show lower bias, but performance or model size did not explain this
difference. A straightforward factor that may explain this gap is whether models
are trained with safety-oriented objectives. From this perspective, models can be
divided into two groups: those with explicit safety measures (proprietary models
and Gemma3) and those without. GPT-4o, for example, is trained with safety
alignment, using data filtering and post-training techniques to minimize harmful
or biased outputs [26]. Additionally, Gemma3 reports safety-related mitigation
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of harmful content [53]. In contrast, the other open-source models do not report
such practices in their papers. However, safety-aware training alone does
not fully account for the observed bias differences. As shown in Tab. 2,
Gemmag3 often exhibits higher bias than models without explicit safety training.

Beyond safety-aware training, continuous monitoring and iterative re-
finement might be one important contributor. Proprietary models typi-
cally rely on dedicated teams for red teaming, behavior monitoring, and post-
deployment updates [2,26]. By contrast, open-source models lack such sustained
improvement cycles. Given the nature of societal bias, a plausible explanation
supports the hypothesis that these monitoring and improvement cycles con-
tribute to reducing societal bias: Societal bias cannot be comprehensively prede-
fined, as new forms emerge in deployment, and thus, a process of continuous im-
provement is better suited than safety alignment done only once at training. For
open-source models that cannot rely on dedicated internal teams, community-
driven efforts to report and address model biases are critical for achieving similar
improvements.®

Extending our framework to model deployment. Building on the above
discussion, we argue that our framework can support fairer model deployment
throughout the entire process. Although we evaluated three tasks in this work,
our method can be applied to any task as long as prompts are person-irrelevant
and do not ask about the depicted person. For example, it can be used in a
career advice scenario [36], where the model chooses between two career paths
(e.g., software engineer vs. teacher) based on given criteria. In such cases, the
attached user image only serves as contextual information, while the task itself
is independent of the person in the image. We therefore recommend using our
framework for the whole process of model deployment: (1) Practitioners can
assess bias on tasks aligned with the model’s intended use before it is deployed
[17]. (2) Our framework can also contribute to continuous monitoring of the
model after deployment, auditing bias as new, unforeseen situations emerge.

Summary. Continuous model monitoring and improvement can be an
important factor in reducing societal bias, as societal bias cannot be fully
predefined and keeps emerging in deployment. Our framework provides
a practical way to evaluate bias throughout deployment: before deploy-
ment to test models on tasks aligned with their intended use, and after
deployment to monitor biases that may newly emerge.

6 Limitations

While our method effectively avoids refusal problems caused by safety guardrails
and reveals societal bias in LVLMs, we acknowledge that it still has limitations:

8 Training data and post-training alignment methods may also affect bias, but their
individual effects are difficult to isolate because these details are not sufficiently
disclosed for most evaluated models.
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Demographic groups other than gender and race. In this work, we evalu-
ated gender and racial bias, which are the most widely studied and where LVLMs
most clearly exhibit societal bias [16,22,48|. While the insights obtained from
our experiments are important, our framework can naturally be extended to
other demographic groups, such as skin tone or visible disabilities. One note is
that for age bias, although annotations are available in FairFace, we excluded
it from our evaluations since it is often natural for models to produce different
outputs across ages. For instance, in term explanation, it is reasonable for the
generated content to be simplified for children compared to adult users. In such
cases, future studies should design tasks where the expected outputs are age-
invariant (e.g., object detection, translation), which would allow our framework
to meaningfully assess age-related bias.

Potential bias in LLM assistant. Our evaluation relies on an LLM assis-
tant to extract story attributes and to judge explanation difficulty. While we
confirmed high agreement with human annotations (~ 97% agreement) and ro-
bustness to the choice of LLM assistant in Appendix E.2, the assistant itself
may introduce systematic biases. To mitigate this, the prompts provided to the
LLM assistants (Figs. 2 and 3 in Appendix C) do not contain any demographic
information about the users. Therefore, the assistants cannot condition their
judgments on gender or race, which minimizes the potential influence of their
own societal biases. Nevertheless, subtle biases unrelated to explicit demographic
cues may remain, and future work should further validate the robustness of these
judgments through larger-scale human evaluation or debiased evaluators.

Spurious visual features in the input images. Non-human visual features
in images, such as background, may influence model outputs and introduce un-
intended biases. In this work, we mitigate this issue by using FairFace, a face-
centric dataset with limited background variation. Nevertheless, spurious visual
correlations correlated with demographics may still exist in the input images.
Therefore, we empirically verify that our method, which uses person-irrelevant
prompts, is more robust to such confounding features than existing evaluation
methods (Appendix E.1).

7 Conclusion

We propose a guardrail-agnostic framework for evaluating societal bias in LVLMs
that can measure bias regardless of safety guardrails. Unlike prior benchmarks,
which rely on prompts asking models to infer attributes of people in images
and are often refused by safety-guarded models, our method takes a different
approach: We use prompts that do not ask about the depicted person, while
attaching the image only as user context. This design avoids refusals and en-
ables reliable bias evaluation even for strongly guardrailed models. Applying
our framework to 20 recent LVLMs, we find that all models still exhibit gen-
der and racial bias, though proprietary models generally show lower bias than
open-source ones. Our analysis further suggests that continuous monitoring and
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iterative refinement, rather than one-time safety alignment, may play a key role
in reducing bias. Finally, we highlight the extensibility of our framework, mak-
ing it a practical tool for evaluating and monitoring societal bias throughout the
entire model deployment process.
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