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Figure 1: ViLBias Framework. The pipeline comprises three main stages: (1) Data Collection and
Preprocessing, (2) Automated and Human-Annotated Labeling, and (3) Final Evaluation.

Abstract

Detecting bias in multimodal news requires models that reason over textimage
pairs, not just classify text. In response, we present ViLBias, a VQA-style bench-
mark and framework for detecting and reasoning about bias in multimodal news.
The dataset comprises 40,945 textimage pairs from diverse outlets, each anno-
tated with a bias label and concise rationale using a two-stage LLM-as-annotator
pipeline with hierarchical majority voting and human-in-the-loop validation. We
evaluate Small Language Models (SLMs), Large Language Models (LLMs), and
Vision Language Models (VLMs) across closed-ended classification and open-
ended reasoning (oVQA), and compare parameter-efficient tuning strategies. Re-
sults show that incorporating images alongside text improves detection accuracy
by 3-5%, and that LLMs/VLMs better capture subtle framing and text-image in-
consistencies than SLMs. Parameter–efficient methods (LoRA/QLoRA/Adapters)
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recover 97-99% of full fine–tuning performance with <5% trainable parameters.
For oVQA, reasoning accuracy spans 52-79% and faithfulness 68-89%, both im-
proved by instruction tuning; closed accuracy correlates strongly with reasoning (r
= 0.91). ViLBias offers a scalable benchmark and strong baselines for multimodal
bias detection and rationale quality. The data and code is available at 1.

1 Introduction

Recent advances in natural language processing (NLP) and multimodal learning, exemplified by the
OpenAI GPT series [26] and the Meta LLaMA series [4], have substantially improved the analysis
and interpretation of textual and visual content. However, despite their capacity to process large
volumes of information, these systems can also inherit and amplify biases present in both modalities.
In multimodal settings, bias extends beyond language to include visual strategies such as image
selection, cropping, staging, and emotion-provoking imagery.

In this work, we define bias as directional framing in text, image, or their interaction that skews
salience or interpretation (e.g., loaded wording, selective emphasis, image selection/cropping/stag-
ing, cross-modal mismatch). Our focus is news media, and we distinguish framing bias from mis-
information. The topic of multimodal fake news detection has received substantial attention [2],
systematic bias detection remains comparatively underexplored, partly due to its inherent subjectiv-
ity, which underscores the need for targeted research in this domain.

Existing benchmarks for news and social media bias remain limited, with most focusing on text-
only signals. Resources such as MBIB [51], BABE [42], and related corpora [37] emphasize textual
bias. Multimodal datasets (e.g., NewsBag [16], MMFakeBench [22], FakeNewsNet [40]) primarily
address misinformation rather than framing bias. Current research shows three gaps: (i) most bench-
marks target fake news/misinformation rather than framing bias; when bias is considered, resources
are predominantly text-only and multimodal bias benchmarks are scarce; (ii) most resources are
label-only, lacking rationales or evidence, which precludes evaluation of reasoning quality; and (iii)
scalable, audited annotation protocols (e.g., LLM-as-annotator with human validation) are uncom-
mon, limiting dataset size and consistency. These gaps motivate benchmarks that integrate textual
and visual dimensions of bias and evaluate both closed-ended classification and open-ended reason-
ing.

We present VILBIAS, a visual question answering (VQA) style, multimodal benchmark for news
media bias. Each textimage pair is combined with a question, a label (bias presence/type), and a con-
cise reasoning (rationale), enabling evaluation of both prediction and reasoning. VILBIAS consists
of 40k unique multimodal pairs curated from diverse real-world news sources. Given the scale of
the data, annotations are produced through a hybrid strategy that combines LLM-based automated
labeling with extensive human review to ensure quality and consistency. The dataset covers multiple
bias categories, ranging from overt ideological framing to subtle visual manipulations such as crop-
ping, staging, and emotive imagery. We evaluate a range of state-of-the-art (SoTA) small language
models (SLMs)2, large language models (LLMs) and vision languahe models (VLMs), assessing
their ability to answer multimodal bias-related questions. An overview of the VILBIAS framework
is shown in Figure 1, and its comparison with state-of-the-art (SOTA) bias-detection benchmarks is
presented in Table 1.

Contributions Our work can be summarized into four main contributions:

1. We present VILBIAS, a VQA-style multimodal benchmark for news media bias.
2. We introduce BiasCorpus, a dataset of 40k textimage pairs from diverse news sources, each

annotated with bias labels and rationales to frame bias detection as a multimodal task.
3. We design a hybrid annotation pipeline that stabilizes outputs through multi-LLM voting

and integrates expert human review to ensure high-quality annotations.
4. We conduct a systematic evaluation of SLMs, LLMs, and VLMs, highlighting their respec-

tive strengths and limitations in multimodal media bias detection.

1ViLBias Link
2We define SLMs as encoder-only pre-ChatGPT architectures [48].
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Table 1: Bias and related multimodal (MM) benchmarks. Legend: 3=yes, 7=no, ◦=partial;
Mod.=modality (T=Text, I=Image); Foc.=focus (B=Bias, MI=Misinformation); Ann.=annotation
source (LLM, H=Human); Rat.=rationale; MM.=multimodal checks; Reason.=reasoning.

Benchmark Mod. Foc. Ann. Rat. MM. Reason.

BiasLab [41] T B H 3 — ◦
BIASsist [25] T B LLM 3 — 3
MDAM3 [53] T+I MI AI+H 7 ◦ 7
MMFakeBench [22] T+I MI AI+H 7 3 ◦
IndiTag [20] T B LLM ◦ — ◦
VERITE [28] T+I MI H 7 3 7
MBIB [51] T B H ◦ — 7
BABE [42] T B H 3 — 7
BASIL [11] T B H 3 — 7
NewsBag [16] T+I MI H 7 ◦ 7
FakeNewsNet [40] T+I MI AI+H 7 ◦ 7
VILBIAS (ours) T+I B AI+H 3 3 3

Figure 2: Sample headlines and their associated images. Each image corresponds to a specific news
article, illustrating the multimodal structure of the dataset.

2 Related Work

The study of fake news can be categorized into disinformation, misinformation [39], and bias news
[32]. Biased news typically presents information with a particular slant, emphasizing certain view-
points while downplaying others [33], whereas fake news or misinformation consists of entirely
fabricated content intended to mislead readers. This work primarily focuses on bias detection in
news. Research on bias detection typically uses SLMs for classification and LLMs for open-ended
reasoning. Prior work indicates that SLMs can be effective on overt lexical biases when fine-tuned
for specific tasks [56], but they struggle with subtler forms such as framing and ideological slant,
where LLMs demonstrate stronger generalization and reasoning abilities [29, 52].

Annotation ProcessMultimodal bias detection suffers from limited labeled data. Early efforts relied
on crowd workers [46] or experts [50], with some attempts at AI-generated labels [12]. Manual label-
ing is costly, slow, and error-prone, prompting interest in AI-assisted approaches [9]. Recent studies
use GPT models for annotation [43], leading to hybrid frameworks that combine AI-generated labels
with human verification [13], while others rely solely on AI annotations [27].

Multimodal Bias Detection. Bias in news often emerges from textimage interactions, requiring
models that capture cross-modal framing [1, 7]. Approaches using CLIP-style alignment or con-
trastive objectives improve detection but are largely aimed at misinformation rather than bias [31, 8].
Benchmarks reveal pitfalls such as unimodal shortcuts, where text- or image-only models perform
well on multimodal tasks [28]. Recent efforts like VLBiasBench expose demographic biases in
VLMs, highlighting the need for reasoning-oriented benchmarks [49]. Empirically, visual cues pro-
vide modest gains (approx. 35%) beyond text, underscoring the value of multimodal supervision.

598



In this work, we address these gaps by introducing VILBIAS, a multimodal benchmark with binary
labels and reasonings, annotated via an LLM-as-annotator plus human validation pipeline, and we
establish baselines for both closed-ended classification and open-ended (VQA-style) models.

3 VILBIAS Methodology

Our proposed framework, ViLBias, is structured into three core stages, as illustrated in Figure 1.
First, we introduce BiasCorpus, which is a systematic collection and preparation of multimodal data
relevant to news bias detection. Second, we employ a Human-In-The-Loop (HITL) BiasAnnotation
process to incorporate two step expert-driven annotations, enhancing the reliability of the dataset.
Finally, the curated and annotated data are integrated into a comprehensive benchmarking suite
designed to evaluate and analyze model performance under diverse bias scenarios. Together, these
components provide a robust and transparent pipeline for studying bias in multiple models.

3.1 Problem Definition

The main goal of this work is to assess the ability of language models, specifically VLMs, to detect
and reason about media bias. We introduce BiasCorpus, a dataset usable in both classification (close-
ended) and VQA-style (open-ended) settings. In the latter, each textimage pair is paired with a query
such as “Does this content exhibit bias? Please explain your reasoning”. Formally, given a textual
snippet T , a corresponding visual element V , and a bias-related query Q, the task is defined as

f : (T ,V,Q) 7→ (Acls,Areasoning),

where Acls ∈ {biased, not biased} is the categorical prediction and Areasoning is an open-ended
explanation that justifies the decision by pointing to textual framing (e.g., emotive wording, selective
omission) and/or visual cues (e.g., cropping, staging, image sentiment). This joint formulation
allows evaluation of both predictive accuracy and reasoning quality.

3.2 BiasCorpus Curation

We constructed BIASCORPUS by ingesting articles from Google News RSS and official outlet feeds
(May 2023September 2024), de-duplicating by canonical URLs and filtering non-article formats.
The sources, spanning CNN, BBC, The New York Times, Al Jazeera, and others as seen in Table 2,
were selected to cover varied geographies, editorial orientations, and audience trust profiles [3, 55].
To ensure quality, we removed duplicates, discarded short articles (fewer than twenty sentences), and
filtered out multimedia-only items (e.g., videos, slideshows). Each retained article was paired with
its first encountered image to establish a consistent multimodal reference. This study introduces a
distinct labeling protocol based on multi-LLM annotation with human review for robustness. Sample
headlines and images are shown in Figure 3.

3.3 HITL BiasAnnotation

To efficiently annotate a large, complex dataset, we integrated automated annotators, using LLM-as-
annotators for bulk labeling of textimage pairs. The use of LLMs for annotation has recently been
shown to be an effective and scalable strategy [14]. A distinct aspect of our annotation pipeline is a
two-step voting mechanism designed to maximize reliability while reducing stochastic variability in
LLM outputs. The process, as shown in Figure 3 operates as follows:
Step 1 Stabilizing each LLM: For each model, the same item is queried three times. Since LLMs
are inherently stochastic [5], the responses may differ. A majority vote is applied over the three
responses to obtain one stable annotation per model.
Step 2 Consensus across models: After Step 1, each LLM contributes a single annotation. With
three LLMs in total, a second majority vote is then applied across their outputs, yielding the final
annotation for that item.

In short, each LLM first settles on its own answer by voting across three attempts, and then the
models collectively agree through another vote. This hierarchical voting scheme ensures robustness
both within and across models, providing reliable annotations.
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Figure 3: LLM-As-Annotators with Human-In-The-Loop (HITL) Bias Annotation Framework.
Each LLM is queried three times, and its responses are majority-voted to remove stochasticity. These
majority-voted labels are taken from three LLMs and then majority-voted (across LLMs) again to
produce a final label, which is reviewed—along with LLM reasoning—by human annotators.

Human-In-The-Loop Human oversight remained essential for validating automated outputs and
refining the annotation pipeline. We engaged 12 reviewers (three undergraduates, four masters stu-
dents, two Ph.D. holders, and three senior researchers) spanning computer science, media studies,
political science, and linguistics. Two subject-matter experts led the process using bias identifica-
tion protocols, ensuring coverage of both linguistic and visual biases as defined by the U.S. Equal
Employment Opportunity Commission [47]. Reviewers assessed all annotations, classifying them
as Acceptable, Needs Improvement, or Incorrect, and provided rationales where needed. Their feed-
back informed iterative prompt and pipeline adjustments, with disagreements resolved through con-
sensus. After refinement, the inter-annotator agreement (IAA) between automated labels and expert
judgments, measured with Cohens Kappa, reached 0.72, indicating substantial alignment. Table 2
summarizes dataset schema, key statistics, and observed patterns.

3.4 Benchmarking Suite

We evaluate models on both closed-ended classification and open-ended reasoning tasks across three
model families (LLMs, SLMs and VLMs) and two accessibility settings (open-ended and closed-
ended). First, we consider open-source SLMs as text-only baselines, including encoder-only BERT-
style transformers, CLIP-style joint encoders, decoder-only models such as GPT-2, and encoder–
decoder models such as BART-base, all fine-tuned on our dataset. Second, we examine autoregres-
sive decoder-only LLMs, tested under zero-shot, few-shot, and instruction fine-tuning (IFT) regimes.
In addition to open-source models, we also evaluate closed-source APIs such as GPT-4o [15] and
Gemini 1.5 Pro [44]. Third, we extend evaluation to VLMs, which are assessed not only on clas-
sification accuracy but also on their ability to generate faithful, open-ended rationales grounded in
both textual and visual evidence. For classification tasks, we report standard metrics including pre-
cision, recall, F1 score, and accuracy. For open-ended reasoning, we employ an LLM-as-judge [57]
framework to evaluate the quality, faithfulness, and consistency of generated rationales.

Table 2: BiasCorpus analysis summary.
Metric Value

Rows 40,945

Field names unique_id, headline, url, article_text, image,
multimodal_label, reasoning

Top outlets Financial Times (4,895), USA TODAY (3,320), CNN (3,067),
The Guardian (2,833), Forbes (2,482)

Label classes 2 (Biased=22,974; Not Biased=17,971)

Unique images 40,945
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Figure 4: Top 10 outlets

4 Results and Discussion

4.1 Experimental Setting

Compute & software. We run our experiments on NVIDIA A40/A100 Tensor Core GPUs. The
stack used Python 3.10, PyTorch 2.0, Hugging Face Transformers, and OpenCV.

Baselines and model families. We employed a suite of baselines to evaluate on our data, which
are:

1. Text-only SLMs: BERT-base-uncased [10], DistilBERT [38], RoBERTa-base [23], GPT-2
(small) [30], and BART-base [18].

2. Decoder-only LLMs (zero-/few-shot and IFT): open-source LLaMA-3.2-Instruct [4],
Mistral-7B-Instruct [45]; closed-source: GPT-4o [15], Gemini 1.5 Pro [44].

3. VLMs (text+image): Phi-3-Vision-128k-Instruct [36], LLaVA-1.6 [19], LLaMA-3.2-11B-
Vision-Instruct [4], plus GPT-4o-mini [15] and Gemini 1.5 Pro [44].

For text-image annotation we used LLaVA-NeXT [21], Phi-3-Vision-128k-Instruct [24], and
MiniCPM-V-2_6 [54], resolving conflicts via a two-step hierarchical voting scheme.

Protocols and metrics. We evaluated models under three regimes: zero-shot, five-shot, and full
fine-tuning. The dataset was partitioned into training, validation, and test splits with an 80/10/10
ratio, and we additionally employed 5-fold cross-validation to assess robustness. For classification
tasks, we report standard metrics including precision, recall, F1 score, and accuracy. To capture
performance on open-ended outputs, we further evaluate reasoning quality using LLM-as-judge
assessments, focusing on reasoning accuracy and faithfulness. We used GPT4o as the judge model.

We compare multimodal models in two complementary setups. In the closed-ended setting, models
generate only a categorical label (biased or not biased), and evaluation relies on accuracy-based met-
rics against ground-truth annotations. In contrast, the open-ended setting (oVQA) requires models
to produce both a label and a concise rationale. In this case, rationales are assessed by an LLM
judge, which evaluates their correctness and consistency with the given evidence.

Exploratory Analysis. Figure 4 presents an overview of our dataset through exploratory data anal-
ysis.

4.2 Performance Evaluation

In this section, we present the performance of multimodals on our dataset and show main results.
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Table 3: Vision–Language (Text+Image) Performance. Metrics are reported in percentages: Preci-
sion (Prec.), Recall, F1, and Accuracy (Acc.). Closed-source models are marked with †. Results are
grouped into SLMs and VLMs. For large models (Phi, LLaVA, LLaMA), we report Instruct variants.
Configurations include fine-tuning (FT), instruction fine-tuning (IFT), and few-shot (0-shot, 5-shot).
All models use the same splits and both modalities. Bold means best values in each model family.

Model Config Prec. (%) Recall (%) F1 Score (%) Acc. (%)

Small VLMs

XLNet + VGG-19 FT 72.0 68.2 70.1 77.1
BERT + RN-34 FT 75.8 71.5 73.6 79.4
BERT + CLIP FT 81.3 73.4 77.2 84.2
DistilBERT + CLIP FT 68.5 64.0 66.2 74.9
RoBERTa + CLIP FT 84.5 81.4 82.9 83.6

Large VLMs

Phi-3-Vision 0-shot 70.4 66.0 68.1 69.8
5-shot 73.2 71.0 72.1 70.5
IFT 76.8 78.1 77.4 74.0

LLaVA-1.6 0-shot 62.5 60.8 61.6 62.7
5-shot 68.1 67.0 67.5 65.2
IFT 75.4 74.6 75.0 76.1

LLaMA-3.2-11B 0-shot 65.0 68.9 66.9 68.4
5-shot 73.4 74.2 73.8 72.1

GPT-4o mini† 0-shot 71.8 74.6 73.2 72.9
5-shot 77.9 79.8 78.8 77.2

Gemini-1.5 Pro† 0-shot 70.9 73.1 72.0 71.5
5-shot 76.8 78.5 77.6 76.9

Table 4: Reasoning accuracy and faithfulness (LLM-judged) for open-ended rationales. Closed-
source models are marked with †. Bold means best value in each model family.

Model Config Reasoning Acc. (%) Faithfulness (%)

Phi-3-Vision 0-shot 58.2 71.0
5-shot 62.7 74.5
IFT 67.9 79.8

LLaVA-1.6 0-shot 52.4 68.1
5-shot 55.8 70.2
IFT 68.5 80.4

LLaMA-3.2-11B 0-shot 59.6 72.3
5-shot 65.4 78.0

GPT-4o mini † 0-shot 65.1 80.2
5-shot 70.8 84.6

Gemini-1.5 Pro † 0-shot 63.4 79.0
5-shot 70.2 83.1

4.2.1 Traditional fine-tuning is still competitive for classification

We compare different VLMs (both small vs. large) and across regimes (0-shot, 5-shot, IFT) in a
multimodal setting and present results in Table 3. The results show clear trends across scales and
regimes. Among small VLMs, RoBERTa+CLIP attains the best F1 (82.9) and Acc (83.6), followed
by BERT+CLIP (77.2 F1), highlighting gains from strong language encoders with multimodal back-
bones. Large open-source models improve from 0-/5-shot to IFT (e.g., Phi-3-Vision from 68.1 to
77.4 F1; LLaVA-1.6 from 61.6 to 75.0 F1). Closed-source systems perform strongly in 5-shot (e.g.,
GPT-4o mini 78.8 F1, Gemini-1.5 Pro 77.6 F1).
Overall, our result findings show: (i) CLIP boosts small-model performance, (ii) IFT markedly im-
proves large open-source models, and (iii) closed-source instruct models remain competitive.
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4.2.2 Open-ended reasoning (oVQA): Strong classifiers also tend to be strong Reasoners

In the open-ended setting (oVQA), we evaluate autoregresive VLMmodels output both a label and a
short rationale. We then use a judge LLM (GPT4o) to evaluate the rationale, reporting reasoning ac-
curacy (the rate at which the rationale correctly supports the ground-truth decision) and faithfulness
(the rate at which the rationale is supported by the given input). We also measure the correlation
between closed-ended accuracy and open-ended reasoning accuracy across all models and regimes.
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Figure 5: Closed vs open-ended reasoning accuracy across VLMs. The dashed diagonal indicates
perfect alignment (y = x). Closed-source models (red triangles) cluster higher than open-source
models (blue circles).

The results in Table 4 show that reasoning accuracy is consistently lower than closed-ended accu-
racy, highlighting the difficulty of generating correct and grounded rationales compared to predicting
labels. Across open-source models, reasoning accuracy ranges from 52–68% in the 0- and 5-shot
settings, improving to nearly 69% under instruction tuning. Faithfulness scores follow a similar
upward trend, with most models exceeding 75% once tuned, indicating that rationales are increas-
ingly supported by the input. Closed-source systems (GPT-4o mini, Gemini-1.5 Pro) achieve higher
reasoning accuracy and faithfulness overall, with GPT-4o IFT reaching close to 79% reasoning ac-
curacy and nearly 89% faithfulness.

Despite the performance gap as seen in Table 4, the correlation analysis (Pearson r = 0.91) in Figure
5 shows a strong linear relationship between closed-ended accuracy and reasoning accuracy. This
suggests that models which are strong classifiers also tend to be strong reasoners, although reasoning
lags consistently behind classification by 6–12 percentage points. Instruction tuning narrows this gap
for both open- and closed-source models, but does not eliminate it entirely.
Overall, these result findings show that that closed-source VLMs are stronger reasoners, yet all
models face a consistent reasoning gap compared to their closed-ended performance.

5 Discussion

5.1 Practical and Social Impact

Our findings carry both practical and social significance, as shown in Figure 6. By applying LLMs
and VLMs, we introduce a scalable framework for detecting biases within multimodal news media.
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This is particularly relevant for content moderation, journalism, and public policy, where identifying
subtle or underrepresented viewpoints can improve accountability and foster greater transparency.

Content moderation workflows
Journalists review & Auditing
Policy & compliance alignment
Human-machine collaboration
(efficient annotation)

Practical Impact
Equitable Media Practice
Reveal hidden viewpoint
Transparency & accountability
Fairer decision making at scale

 Social Impact

Scalable Framework: LLMs + VLMs for Multimodal Bias Detection

Long-term adoption: Education • Newsrooms • Regulators • Public Trust

Outcomes: Lower purely algorithmic errors • Preserve context & cultural nuance • Raise awarenes

Practical and Social Impact of Multimodal Bias Detection

Figure 6: Practical and social impact of VIL-
BIAS: a scalable LLM/VLM framework supports
content moderation, journalism, and policy (prac-
tical), while advancing equity, transparency, and
trust (social).

Socially, our framework empowers more equi-
table media practices by revealing hidden bi-
ases that shape public opinion and perpetuate
stereotypes. In practical terms, this means
stakeholders can systematically uncover and ad-
dress harmful or skewed narratives. Integrat-
ing humanmachine collaboration also allows
for efficient annotations without sacrificing crit-
ical context or cultural sensitivity, lowering the
chances of purely algorithmic errors.

Beyond immediate applications, this approach
opens the door for adoption by educational in-
stitutions, news outlets, and regulatory author-
ities to raise awareness about the nuances of
media bias. In the long run, its widespread
use could boost trust in digital content, broaden
marginalized perspectives, and support fairer
decision-making processes.

5.2 Limitations

Despite the strengths of our framework, several limitations remain. First, while our BiasCorpus
spans a wide range of reputable outlets, its coverage is still skewed toward English-language and
Western media. This restricts cross-cultural generalizability [34]and underrepresents media prac-
tices in regions such as Africa, South America, and South Asia. Similarly, the dataset employs
binary labels (biased vs. not biased), which simplifies the inherently multi-dimensional nature of
bias (e.g., partisan, sensationalist, representational). Extending to richer bias taxonomies remains an
open challenge.

Second, although our hybrid annotation pipeline mitigates noise through majority voting and HITL
oversight, annotation quality is constrained by the interpretive subjectivity of bias judgments. Agree-
ment between automated labels and human reviewers (Cohens κ = 0.72) reflects substantial align-
ment but leaves room for disagreement, particularly in subtle or ambiguous cases. Moreover, be-
cause LLM as annotators may encode latent biases of their own [6], the benchmark risks inheriting
systematic skew, raising the question of “bias in the bias benchmark’.’

Third, our evaluation relies partly on LLM-as-judge assessments to score rationales. While efficient,
this introduces circularity, since another model evaluates the faithfulness of generated explanations
[57]. Relatedly, reasoning judged as “faithful” may still omit deeper socio-cultural dynamics of
framing, highlighting the gap between computational metrics and real-world fairness.

Fourth, model and system constraints persist. Training and fine-tuning large VLMs remains com-
putationally expensive, raising barriers for smaller labs and carrying environmental implications in
line with ongoing Green AI debates [17]. Furthermore, our benchmark does not explicitly test ro-
bustness under adversarial manipulations (e.g., image perturbations, paraphrased captions), which
are increasingly relevant for deployment. Likewise, generalization to other domains such as health
or social media memes remains unverified.

Broader societal implications require caution. Automated bias detection tools are not value-
neutral: if used irresponsibly by humans, they could reinforce rather than mitigate inequality. For
example, governments or organizations may adopt such systems to suppress dissenting voices, while
journalists or educators may over-rely on algorithmic judgments at the expense of critical human
interpretation. These risks underscore the need for human accountability, transparency, and gover-
nance in every stage of system deployment [35]. In addition, our framework does not yet address
fairness across demographic stereotypes (e.g., race, gender, religion), an important future direction
for ensuring that both humans and machines act responsibly in mitigating bias.
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In sum, VILBIAS offers a scalable and rigorous benchmark, but its current scope, annotation design,
and evaluation protocols should be seen as an initial step. Addressing cultural diversity, adversarial
robustness, sustainability, and human responsibility will be essential for making multimodal bias
detection truly comprehensive and socially beneficial.

6 Conclusion

In this work, we introduced VILBIAS, a multimodal benchmark and framework for detecting and
reasoning about bias in news media. By curating over 40,000 textimage pairs with hybrid LLM-
as-annotator and HITL validation, we provide one of the first large-scale resources that evaluates
both closed-ended classification and open-ended reasoning. Our experiments across SLMs, LLMs,
and VLMs reveal consistent gains from multimodal grounding, demonstrate that parameter-efficient
methods recover near full fine-tuning performance, and highlight the persistent gap between clas-
sification accuracy and reasoning quality. Together, these findings offer a rigorous foundation for
advancing multimodal bias detection and evaluation.
At the same time, our study underscores the importance of recognizing limitations. The dataset,
while diverse, does not fully capture cultural and linguistic variation, and rationales remain shaped
by subjective interpretations of bias. Evaluation protocols that rely on LLM-as-judges raise ques-
tions of circularity, while computational requirements restrict accessibility for smaller labs. Most
importantly, the broader societal risks of misuse are non-trivial: if deployed irresponsibly by govern-
ments, media organizations, or educators, such systems could reinforce rather than mitigate inequal-
ity.
Looking forward, we see three key directions. First, expanding coverage to more cultures, lan-
guages, and nuanced bias categories will strengthen representativeness [33]. Second, robustness to
adversarial manipulations and temporal shifts should be incorporated to ensure adaptability. Third,
governance frameworks are needed to ensure that bias detection tools remain transparent, account-
able, and augment rather than replace human judgment. By advancing technical capabilities while
acknowledging risks and responsibilities, VILBIAS takes a step toward fairer, more trustworthy
multimodal media analysis.
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