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Abstract

Multimodal large language models (MLLMs) increas-
ingly arbitrate socially sensitive decisions, yet we know lit-
tle about how they respond to visual demographic cues. We
present the first systematic audit comparing text-only versus
image-only race—gender signals across four open-source
MLLMs for two subjective tasks namely politeness and of-
fensiveness. Textual cues sharply amplify bias: models are
far more likely to label the same utterance as “very offen-
sive” or “not polite at all” when it is attributed to a Black
persona, yet judge it “somewhat polite” or “not offensive”
when linked to an Asian persona, with the steepest dispar-
ities at the Black-man and Black-woman intersections. Vi-
sual cues narrow these gaps but do not erase them. We also
find higher model-human alignment for Asian and woman
annotators than for Black and man annotators, and adding
demographic information rarely improves agreement. Our
findings highlight modality as a critical, yet overlooked,
axis of fairness in MLLMs.

1. Introduction

Large-scale language and vision—language models increas-
ingly underpin applications that need to reason about how
humans perceive social content, whether a reply is polite, a
meme is offensive, or a tone is trustworthy. While text-only
LLMs have already shown impressive zero-shot ability on
such subjective judgments, they also mirror the stereotypes
and power asymmetries present in their training data, of-
ten aligning more closely with majority perspectives (e.g.,
White annotators) than with minoritized viewpoints. Re-
cent work has tried to “steer” models by explicitly insert-
ing race or gender-persona descriptions into the prompt, yet
the evidence is mixed: sociodemographic prompting can
leave biases untouched or even worsen alignment for the
very groups it seeks to foreground [3, 9, 21].

Notably, almost all prior studies manipulate demo-
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graphic information through text alone [1, 20]. Whether
providing an actual human face, a natural and highly salient
signal in real human communication, changes a model’s
judgement remains largely unexplored. This gap is espe-
cially pressing for modern MLLMs that fuse images and
text, but whose social evaluation behaviours are still poorly
understood. As our preliminary analyses (Section 3) in-
dicate, textual race—gender prompts often amplify perfor-
mance gaps, whereas adding a face can shrink or even re-
verse them. Understanding when and why this happens is
vital for designing safer, fairer multimodal systems.

Building on these observations, we address two research
questions. RQ1: How do MLLMs’ politeness and of-
fensiveness ratings systematically differ when race—gender
information is conveyed through image versus text cues?
RQ2: How closely do MLLMs’ predictions align with hu-
man annotator judgements when race—gender information
is conveyed through image or text cues, and are these pre-
dictions more accurate for certain demographic groups?

Our contributions: (1) We conduct the first systematic in-
vestigation into how visual demographic cues interact with
textual content in MLLMs for politeness and offensiveness
judgements. (2) We provide a detailed analysis revealing
that visual demographic cues lead to significantly reduced,
but not entirely eliminated, racial and gender biases com-
pared to textual cues. (3) We demonstrate nuanced pat-
terns of intersectionality, highlighting pronounced biases
in specific demographic intersections (e.g., Black men and
women), which underscores the importance of comprehen-
sive, modality-aware bias evaluations for future MLLM de-
velopment and deployment.

2. Experimental Setup
2.1. Datasets

Image dataset. In our study, we utilize the Chicago Face
Database (CFD) [17], which offers high-resolution images
of 597 individuals. Each participant in the dataset self-
identifies as belonging to one of four racial categories



namely Asian, Black, Latin, or White, and includes both
male and female subjects. For this paper’s experiments, we
exclude ‘Latin’ because our preliminary studies found that
the models used in our paper do not reliably recognize this
feature in the images (details in Section 2.4)." We curated
a balanced subset consisting of 300 images: 100 individu-
als from each racial group (Asian, Black, White), with an
equal gender split (50 male and 50 female), ensuring fair
representation across both race and gender dimensions. All
images depict individuals with neutral facial expressions,
minimizing the influence of confounding emotional cues in
our analysis.

Politeness and Offensiveness dataset. We evaluate the
performance of MLLMs on subjective NLP tasks using the
POPQUORN dataset [18], specifically focusing on offen-
siveness and politeness rating tasks. The dataset builds upon
the Ruddit corpus [10], which was initially annotated us-
ing Best—Worst Scaling (BWS). However, BWS can pro-
duce different label distributions compared to rating scales
and may be less suitable for skewed data distributions [16].
To address this, the POPQUORN dataset was reannotated
using a 1 (not polite at all/not offensive at all)-5 (very
polite/very offensive) rating scale, aligning with our cur-
rent experimental setup. Additionally, annotators identified
as having low reliability—based on the MACE framework
[11] were excluded to reduce noise. The final dataset in-
cludes annotations from 1,484 individuals, along with de-
mographic information such as gender, race, age, occu-
pation, and education. The POPQUORN dataset’s polite-
ness task includes 25,043 instances. Among the annota-
tors, 12,538 identify as women, 11,705 as men, 650 as non-
binary, and 149 chose not to disclose their gender. In terms
of racial background, the annotator distribution is as fol-
lows: 18,169 White, 3,168 Black, 1,724 Latin, 1,583 Asian,
and 199 who preferred not to disclose. After final labeling,
the dataset includes 7,269 instances labeled as ‘somewhat
polite’, 6,235 as ‘moderately polite’, 5,264 as ‘very polite’,
3,477 as ‘barely polite’, and 2,797 as ‘not polite at all’.

The offensiveness dataset comprises 13,037 instances.
Annotator demographics include 6,520 women, 6,166 men,
and 350 non-binary individuals. The racial breakdown is
9,804 White, 1,685 Black, 949 Asian, 299 Native Ameri-
can, 250 Latin, and 49 Arab American. The distribution of
offensiveness labels consists of 7,516 instances marked as
‘not offensive at all’, 2,190 as ‘barely offensive’, 1,590 as
‘somewhat offensive’, 1,039 as ‘moderately offensive’, and
701 as ‘very offensive’.

For this study, we focus our analysis on gender and eth-
nicity, selecting the groups with sufficient representation

'Our focus in this paper is to study the effect of features contributed
across modalities rather than the challenges of identifying the features in
the first place.
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and overlap with the CFD dataset label selection: Man and
Woman for gender, and Asian, Black, and White for eth-
nicity. One note is that CFD dataset refers to genders using
the terms ‘male’ and ‘female’, which also have sex term
word senses. This is not an issue for the CFD dataset as it
does not distinguish between cisgender and transgender in-
dividuals. In this paper, we unify the terminology of the two
datasets by using ‘man’ and ‘woman’ to refer to gender.

2.2. MLLMs

We evaluate four open-source MLLMs: Gemma3-12B [23],
Llava-13B [15], Llama3.2-Vision-11B [6], and Qwen2.5-
VL-7B [2]. The models are deployed locally using Ollama’,
using all default hyperparameter settings. The model selec-
tion balances the constraints of our computational resources
with diversity in architecture and performance, ranging
from lightweight, efficient models to those offering strong
visual reasoning capabilities.

2.3. Prompting

Our prompts are designed to isolate the text and im-
age modalities for introducing demographic information in
MLLM evaluations of politeness and offensiveness. The
prompting templates for both the text-only and image-only
cues are illustrated in Table 1.

Text-only Cue. In this setting, demographic attributes
are conveyed purely through text. This allows us to analyze
model behavior when only textual indicators of identity are
present. We include three racial categories—Asian, Black,
and White, and consider intersections with gender, gener-
ating combinations such as Asian woman or Black man.
An example of a text-only prompt using the identity ‘White
man’ is: “How would a White man rate the politeness of the
following {text}?”

Image-only Cue. This approach uses only visual input
to signal demographic identity, with no textual demographic
information. We draw on images from the CFD dataset to
represent racial and gender categories, through which we in-
vestigate how models infer identity based on visual features
alone. An example prompt using the image of a ‘White
man’ is: “How would the person in the {image-of-a-white-
man} rate the politeness of the following {text}?”.

2.4. Evaluation Setup

To ensure that our findings are not simply due to the models’
inability to infer race from images, we conducted an auxil-
iary check. We prompted each model with the full CFD
dataset (597 images across four racial categories) and asked
it to classify the person’s race. Specifically, we used the
prompt: “Identify the race of the person in the {image}.
Respond with one of the following options: Asian, White,
Latin, Black. Respond with the race only, in a single line,
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Prompt Strategy ‘ Task Template

Text-only Cue Politeness

How would a {race-gender} rate the politeness of the following {text}? Respond using one of
the following options: not polite at all, barely polite, somewhat polite, moderately polite, very
polite. Respond in English, without any explanation.

Image-only Cue Politeness

How would the person in the {image} rate the politeness of the following {text}? Respond using
one of the following options: not polite at all, barely polite, somewhat polite, moderately polite,
very polite. Respond in English, without any explanation.

Text-only Cue Offensiveness

How would a {race-gender} rate the offensiveness of the following {text}? Respond using one
of the following options: not offensive at all, barely offensive, somewhat offensive, moderately
offensive, very offensive. Respond in English, without any explanation.

Image-only Cue | Offensiveness

How would the person in the {image} rate the offensiveness of the following {text}? Respond
using one of the following options: not offensive at all, barely offensive, somewhat offensive,
moderately offensive, very offensive. Respond in English, without any explanation.

Table 1. Prompting strategies we use in our experiments. We replace the placeholder {race-gender} with the designated race (e.g., Black
woman, White man, etc), {image} with the selected images from the CFD dataset, and {text} with the events from the POPQUORN

dataset.

without any explanations”. The results, presented in Ta-
ble 2, show that all models struggle to correctly recognize
Latin individuals but perform well for the other racial cat-
egories. Therefore, we excluded Latin identities from our
main analysis to ensure that any observed bias is not con-
founded by the models’ failure to recognize race correctly
(We include the results for Latin race in the Appendix).

For the RQ1 experiment, we begin by selecting 1,500
samples from our original datasets, carefully controlling for
the distribution of gold-standard labels. For instance, as
discussed in Section 2.1, the politeness dataset is skewed
toward labels like somewhat polite, while the offensiveness
dataset contains a large number of not offensive at all 1abels.
To mitigate this imbalance, we uniformly sample 300 in-
stances for each of the five label categories (e.g., very
polite, not polite at all, etc.), totaling 1,500 samples for
each dataset for RQ1. For the image-only cue, we prompt
each of the four MLLMs with 300 unique demographic-
representative images across the 1,500 sampled text events
in a zero-shot setting for both the politeness and offensive-
ness tasks. This setup results in 3.6 million generations
(300 images x 1,500 text events x 4 models x 2 tasks);
1.2 million generations per racial group. In the text-only
setup, we incorporate six race-gender pairings (e.g., “Asian
woman”, “Black man”, etc.). To align this condition with
the image-based configuration (which uses 300 images), we
replicate each identity phrase 50 times (6 x 50 = 300), so
each persona—for example, “Asian woman”—is used 50
times across the 1,500 samples.

For RQ2, we evaluate how well model predictions
align with human annotators. In the image-only setting
for this task, we match the demographic profile from the
POPQUORN dataset to images from the CFD dataset. For
instance, if an instance in POPQUORN is labeled by a
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“White Man” annotator, we randomly select a “White Man”
image from CFD dataset. In the text-only setting, we in-
sert the exact race and gender descriptors from the origi-
nal POPQUORN data into the prompt to maintain demo-
graphic consistency during evaluation. We note that for
RQ2 we use all the samples of politeness and offensive-
ness from the POPQUORN dataset, whereas for RQ1
we uniformly sample them.

To ensure the robustness of our prompting strategies and
results, we also include two rephrased versions for each
template shown in Table 1. One such rephrased version
for the politeness task reads: “Given the following {rext},
how would a {race-gender} individual rate its politeness?
Choose one of the following options: not polite at all, barely
polite, somewhat polite, moderately polite, very polite. Re-
spond in English only, without any explanation”. All results
reported in the paper are aggregated across the original and
both rephrased prompt versions. To reduce ordering bias,
we randomly shuffle the response options (e.g., “very po-
lite,” “barely polite,” etc.) before presenting them to the
models. See Appendix for the rephrased prompting tem-
plates.

Race Llava Llama3.2 Gemma3 Qwen2.5
Asian  0.90 1.00 0.96 0.99
Black  0.79 0.76 0.99 0.98
Latin 0.13 0.07 0.32 0.32
White  0.98 0.90 0.93 0.94

Table 2. Accuracy for identification task by race and for each
model.
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Figure 1. Politeness variations categorized by race.

3. Results and Discussions

Before diving into the results, we articulate our prescrip-
tive stance for what constitutes a fair model in the con-
text of subjective social judgements. A fair model should
avoid mirroring societal stereotypes (e.g., perceiving Black
or male identities as more aggressive or impolite), and in-
stead align with community-grounded human judgements
from annotators of those demographic backgrounds.

RQ1: How do MLLMs’ politeness and offensiveness
ratings systematically differ when race-gender infor-
mation is conveyed through image versus text cues?

Politeness. Figure | presents the frequency distributions
of politeness ratings by the four MLLMs under image-only
and text-only cues, grouped by race. Observations reveal
distinct behavioral differences across models and modali-
ties. Notably, Gemma3-12B shows considerable variation,
especially under the text-only cue, with an increased ten-
dency to assign the ‘not polite at all’, and ‘barely polite’
categories disproportionately higher for Black individuals.
Conversely, Llama3.2-Vision-11B exhibits relatively con-
sistent behavior across racial groups in both image-only
and text-only scenarios, predominantly assigning ‘some-
what polite’ across all races for text-only cues. Llava-13B
maintains a consistent pattern between cues, though slightly
favoring lower politeness ratings (‘not polite at all’) in the
text-only scenario, and predominantly assigns this rating to
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Black individuals. Qwen2.5-VL-7B displays variability pri-
marily in the text-only condition, where ratings across racial
groups diverge more specifically assign ‘very polite’ and
‘somewhat polite’ more to the Asian race, suggesting po-
tential sensitivity to textual racial cues.

Figure 2 further explores politeness judgements by dis-
aggregating racial groups into gender-specific subgroups
across both image-only and text-only modalities. Notably,
pronounced gender-based discrepancies emerge, particu-
larly in the text-only condition. For instance, Gemma3-
12B frequently assigns higher frequencies of the ‘barely
polite’ category to man personas compared to their woman
counterparts across all racial groups for text-only cues, but
this trend reverses in the image-only cue where Gemma3-
12B respond with more ‘barely polite’ category for woman.
In text-only cue, we also see Gemma3-12B respond with
more ‘not polite at all’ for Black individuals, especially the
Black man, suggesting a stronger bias toward associating
man identities with lower politeness ratings. Llava-13B and
Qwen2.5-VL-7B similarly exhibit marked gender discrep-
ancies in the text-only scenario, where man identities con-
sistently receive harsher (less polite) judgements compared
to woman identities, but there are exceptions like for Llava-
13B Asian woman has more ‘not polite at all’ judgements
compared to Asian man. Llama3.2 and Qwen2.5 respond
with less ‘moderately polite’ category compared to other
categories. Interestingly, the image-only condition shows
a marked reduced gender gap, indicating visual cues may
less biased in politeness evaluation by these models. Over-
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Figure 2. Politeness variations categorized by race and gender.

all, these findings underscore that gender biases, particu-
larly against man identities, are substantially amplified un-
der textual demographic framing, suggesting a critical need
to account for modality-specific biases in the development
and deployment of MLLMs.

Offensiveness. Figure 3 presents the distributions of of-
fensiveness judgements by the four MLLMs, differentiated
by racial groups under both image-only and text-only condi-
tions. A pronounced observation arises from Gemma3-12B
under the text-only cue, which demonstrates a pronounced
bias by disproportionately labeling content as ‘very offen-
sive’ when associated with the Black identity, far exceed-
ing other racial groups, and this trend is consistent for most
MLLMSs and also in the image-only cues as well. This
notable discrepancy underscores a potential racial bias in-
herent in textual demographic prompting. For image-only
cue, Llama3.2-Vision-11B respond with more ‘very offen-
sive’ category compared to other categories in this modal-
ity. For Llava-13B and image-only cue, we see that there
is no response with the ‘somewhat offensive’ category and
very little with the text-only cue. Similarly for Qwen2.5
there is no response with ‘moderately offensive’ category
for both cues. These observations collectively illustrate
that text-based demographic indicators amplify racial dis-
crepancies in offensiveness evaluations as well. We ob-
serve that the intersection of race and gender further com-
pounds biases in offensiveness ratings (see Figure 1 in the
Appendix). Across models, especially Gemma3-12B and
Llama3.2-Vision-11B, woman, particularly Black woman
frequently receive harsher judgements compared to their
man counterparts. This pattern echoes the trends seen in
politeness assessments, reinforcing the finding that doubly
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marginalized groups face disproportionate penalties.

We also perform Chi-squared (x2) test [8] to see if the
differences that we observe are statistically significant or
not. Most of the results that we discussed in the above dis-
cussion are statistically significant. We show a small part
(due to page limitations) of the statistical results in Table 3.
We conducted statistical tests for each pairwise combination
of the three different races: Asian, Black, and White. This
results in 3 different racial comparisons: Asian vs. Black;
Asian vs. White; Black vs. White. We also conducted sta-
tistical tests for each pairwise combination of the six distinct
race-gender groups (derived from three racial categories and
two gender categories).

Overall Discussion of RQ1: Across all four MLLMs,
we observe a consistent pattern: text-only demographic
cues amplify both racial and gender biases, whereas image-
only cues result in less biased outputs, but do not en-
tirely remove those disparities. When race was conveyed
through text, models (especially Gemma3-12B and Llava-
13B) showed a marked tendency to assign harsher po-
liteness ratings (“not/barely polite”) and higher offensive-
ness scores (“very offensive”) to content associated with
Black identities, while simultaneously favoring Asian iden-
tities with ‘somewhat / very polite’ assessments. These
race-linked skews persisted in the image-only setting but
at substantially lower magnitudes, suggesting that textual
stereotypes trigger stronger bias activation than purely vi-
sual cues. These findings underscore three critical insights
for practitioners. First, modality matters: giving demo-
graphic information through prose rather than pixels gen-
erally magnifies bias. Second, model choice matters:
even among similarly sized open-source MLLMs, bias ex-
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Figure 3. Offensiveness variations categorized by race.
Category Prompt Template Model Task Pair x>  p-value
not polite at all Text-Only Gemma3-12B Politeness Asian vs. Black 2204.7438  0.0000
not polite at all Image-Only Gemma3-12B Politeness White vs. Asian 42.6572  0.0000
barely polite Text-Only Llama3.2-vision-11B  Politeness Asian man vs. Asian woman 49121  0.0000
very offensive Text-Only Gemma3-12B Offensiveness  Black vs. White 1812.5436  0.0000
somewhat offensive  Image-Only Qwen2.5-VL-7B Offensiveness  Black vs. Asian 0.9651 0.3259
not offensive at all Text-Only Llama3.2-vision-11B  Offensiveness  Asian vs. White 1873.1527  0.0000

Table 3. Pairwise Chi-Square results. Statistically significant results (p < 0.05) are bolded.

pression varies widely, signalling that architecture and pre-
training data govern susceptibility to demographic cues.
Third, intersectionality matters: biases do not operate
along a single axis—race and gender interact, producing the
steepest disparities for doubly marginalized groups (e.g.,
Black women in offensiveness ratings and Black men in
politeness ratings). Addressing bias in MLLMs therefore
demands evaluation protocols that test multiple modalities,
dissect intersectional identities, and benchmark models in-
dividually rather than assuming uniform behavior across the
MLLM landscape.

RQ2: How closely do MLLMs’ predictions align with
human annotator judgements when race-gender infor-
mation is conveyed through text or image cues, and
are these predictions more accurate for certain demo-
graphic groups?

We quantify model-human alignment with quadratic-
weighted Cohen’s k, a chance-corrected agreement coef-
ficient that is expressly designed for ordered rating scales.
Unlike raw accuracy or unweighted «, the weighted version

assigns partial credit to near misses by applying a quadratic
penalty that diminishes rapidly with each increasing level
of disagreement; a one-level slip (e.g., “moderately polite”
— “somewhat polite”) therefore counts almost as agree-
ment, whereas a four-level error (“very polite” — “not po-
lite at all”) is treated as total disagreement. This weighting
scheme captures the ordinal structure of our five-point po-
liteness and offensiveness labels while retaining the familiar
0-1 interpretation of x, allowing direct comparison with hu-
man-human reliability standards [14]. We follow Cohen’s
original formulation of weighted « [5] and report 95% boot-
strap confidence intervals to reflect the greater sampling
variance in smaller demographic slices. Cohen’s « ranges
from -1 to +1. A value of +1 indicates perfect agreement, O
indicates agreement no better than chance, and -1 indicates
agreement worse than chance.

In Figure 4, we present the results showing how closely
the models align with human annotator judgements. We
also include a baseline condition labeled “No Demographic
Cue”, where no demographic information is provided to the
MLLMs. Instead, the model is simply asked to rate the po-
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Figure 4. Model Agreement with Human judgements (Quadratic Cohen’s k).

liteness or offensiveness of a given text. For example, in the
politeness task, the prompt reads: “How would you rate the
politeness of the following {text}? Respond using one of the
following options: not polite at all, barely polite, somewhat
polite, moderately polite, very polite. Respond in English,
without any explanation.”. This no-cue condition allows us
to assess whether including demographic information im-
proves the model’s alignment with human annotators.

Politeness: From Figure 4, we observe the following
patterns:

In most cases, adding demographic information does not
improve prediction alignment with human annotations
and, in some cases, even worsens it.

Politeness ratings for Asian individuals tend to align more
closely with human annotators compared to those for
White and Black individuals, across both image-only and
text-only cues. Between White and Black individuals,
ratings for White individuals generally show better align-
ment.

In the image-only setting, the disparity between Black in-
dividuals and other racial groups is less pronounced than
in the text-only setting.

When examining race—gender intersections, MLLM pre-
dictions tend to align more closely with ratings for
woman individuals across both text-only and image-only
cues. This pattern is consistent across models as well.
Notably, the largest alignment discrepancies are observed
for Black man and Black woman.

Offensiveness: From Figure 4, we observe several key
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patterns:

» For the offensiveness task, the use of image-based de-
mographic cues reduces the disparity in alignment across
racial groups. For instance, with text-only cues, we ob-
serve a larger gap in Cohen’s « values between Black and
White individuals, where Black individuals often exhibit
lower alignment. However, this gap narrows when image
cues are used; in fact, for Gemma3-12B, Black individu-
als even show higher « values than White individuals.
Additionally, incorporating demographic cues does not
consistently lead to improved alignment with human
judgements in the offensiveness task. This effect is most
pronounced in the Llava-13B model under the image-only
condition, where alignment appears to degrade greatly.
When examining race—gender intersections under the
image-only cue, Black women consistently exhibit the
highest alignment with human judgements, while Black
men show the lowest. Furthermore, both Asian and White
men tend to have higher x values than their woman coun-
terparts.

Overall, model alignment with human annotators is
stronger for the politeness task than for the offensiveness
task.

Overall discussion of RQ2: For RQ2, the observed pat-
terns in MLLMs’ alignment with human judgements can
be attributed to several factors. Firstly, demographic cues
provided through text appear to amplify stereotypical bi-
ases more strongly than visual cues, likely due to the ex-
plicit activation of culturally ingrained stereotypes associ-




ated with specific demographic labels. In contrast, visual
cues though still subject to biases, might elicit more nu-
anced and less stereotypically pronounced responses from
models, possibly because facial features alone provide less
direct association to culturally embedded stereotypes com-
pared to explicit textual identifiers. Furthermore, the consis-
tent higher alignment observed for ratings associated with
Asian individuals might suggest implicit model perceptions
aligning more closely with societal stereotypes of politeness
or reduced offensiveness commonly associated with this
group in existing data. Conversely, lower alignment, espe-
cially for Black man and woman individuals, likely results
from stereotypical biases pervasive in model training data,
causing systematic discrepancies. Finally, the pronounced
gender differences with women generally achieving higher
alignment may reflect societal biases regarding gender-
specific behavioral expectations (e.g., women perceived as
more polite), which models implicitly encode from train-
ing data. Thus, these patterns collectively highlight that
modality, societal stereotypes, and training data composi-
tion significantly influence MLLMs’ alignment with human
annotations.

4. Related Work

Demographic bias in text-only LL.M outputs. Early work
on persona prompting showed that simply asking an LLM
to speak as a demographic group elicits entrenched stereo-
types [12, 13, 25]. Plaza-del Arco et al. [19] report that
LLMs invariably assign SADNESS to women and ANGER
to men when attributing emotions, even when those emo-
tions are not supported by gold labels in the ISEAR dataset,
evidencing gender-stereotypical priors. Moving beyond
single personas, Gupta et al. [9] demonstrate that assign-
ing any of race, religion, or disability-based personas can
degrade reasoning accuracy by up to 70% and often leads
models to refuse to answer (‘As a Black person, I can-
not... ) biases that survive naive debiasing prompts.
Sociodemographic prompting and alignment with
annotators A parallel line of work probes whether pro-
viding demographic metadata about the annotator improves
alignment on subjective NLP tasks. Beck et al. [3] found
that sociodemographic prompting can help zero-shot per-
formance (+8 pp), but the direction and size of effects vary
wildly with the wording of the prompt, the model family,
and the dataset. Sun et al. [21] and Schifer et al. [20]
note that, on POPQUORN, models align more closely with
White and female annotators, yet the effect reverses for
other groups or tasks, hinting at dataset-specific artefacts.
Alipour et al. [1] and Brown et al. [4] confirm this insta-
bility across five offensiveness corpora: only the White vs
Black gap replicates, while gender effects disappear once
label difficulty and annotator sensitivity are controlled.
From annotation alignment to safety-utility trade-
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offs Recent personalised-LM studies highlight the practical
a user’s religion, race, or age can swing both utility (math,
programming, reasoning accuracy) and safety (refusal-to-
answer rates) in opposite directions, producing a safety-
utility trade-off that differs by identity. Although not fo-
cused on POPQUORN, their results underscore the need to
audit demographic effects jointly with task performance.

Prior studies on demographic bias in language mod-
els largely manipulate race or gender-related personas di-
rectly within the prompt [7, 22, 26], but they seldom
ask whether embedding visual demographic cues alters a
model’s judgement. Moreover, the overwhelming focus has
been on single-modality settings: standard text-only LLMs
are stress-tested, whereas MLLMs that jointly reason over
images and text remain comparatively uncharted. Against
this backdrop, our work provides, to the best of our knowl-
edge, the first systematic examination of how visual race
and gender cues interact with textual content when MLLMs
assess politeness and offensiveness. Strikingly, while prior
literature shows that textual persona prompts can widen de-
mographic gaps, we demonstrate that supplying an actual
face often narrows and in some cases even reverses these
disparities.

5. Conclusion

Our study reveals critical insights into how modality influ-
ences biases in MLLMs for the subjective politeness and
offensiveness task. Textual demographic prompts signifi-
cantly amplify racial and gender biases in judgements of
politeness and offensiveness, especially against Black iden-
tities. In contrast, visual cues present a substantial miti-
gation effect, suggesting that direct textual identifiers more
strongly activate stereotypical associations. Additionally,
the pronounced intersectional biases highlight the com-
pounded disadvantages experienced by doubly marginal-
ized groups such as Black women and men. These find-
ings emphasize that addressing biases in MLLMs requires a
multimodal, intersectional approach, underscoring the im-
portance of evaluating models individually and across di-
verse demographic intersections.

6. Limitations and Future Work

Our study has several limitations, and we ask for further
work to explore them. First, we rely on English-language
POPQUORN comments and neutral facial images from the
CFD dataset, restricting cultural and visual diversity. Sec-
ond, we examine only four racial groups, a binary gender
split, and four open-source MLLMs, leaving many iden-
tities, languages, image contexts, and proprietary systems
untested.
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