
Proceedings of Machine Learning Research 332:15–18, 2026 AAAI Community Activity on Bias in Multimodal AI

Annotator Risk Preference as a Catalyst for Systemic Bias

in Multimodal AI

Shuofeng Hu hushuofeng08@163.com

Zhen He hezhen.cs@gmail.com

Tongtong Kan tongtongkan@hotmail.com

Xiaomin Ying yingxmbio@foxmail.com

Beijing Institute of Basic Medical Sciences, Beijing, China

Abstract

As artificial intelligence evolves toward multimodal cognition, systems are moving beyond
unimodal dependencies to integrate visual, auditory, and linguistic dimensions, thereby
simulating human perception of reality. However, this increased complexity not only
enhances expressiveness but also opens more insidious channels for bias infiltration. Existing
research largely focuses on the demographic attributes of annotators (e.g., race, gender)
while overlooking critical variables within the dimension of decision psychology (Ferrara,
2024; Sap et al., 2022). Among these, risk preference acts as a core driver of individual
decision-making, exerting a subtle anchoring effect during the multimodal annotation process.
When annotators confront materials characterized by high ambiguity, fuzziness, or potential
social sensitivity, their intrinsic risk tolerance directly dictates label polarity, the degree of
neutralization, and sensitivity toward minority attributes.

1. Introduction

With the deployment of Large Multimodal Models (LMMs) (Achiam et al., 2023), AI has
deeply integrated into social production. To ensure model safety and utility, Reinforcement
Learning from Human Feedback (RLHF) has become the standard paradigm (Ouyang et al.,
2022). However, the industry faces the paradox of “the more alignment, the more bias”
(Casper et al., 2023). Traditional views attribute this to long-tail data distributions or
lack of diversity in annotation teams. This paper argues that even with perfectly balanced
datasets, bias persists if the risk decision logic of annotators facing ambiguity is ignored.
In multimodal tasks, the semantic ambiguity of images far exceeds that of text (Aroyo
and Welty, 2015). Consequently, every annotation choice represents a trade-off between
the expected utility of accuracy and the quality control risk of error. Thus, annotator risk
preference—the tendency to commit Type I errors (over-rejection/false positives) versus
Type II errors (omission/hallucination) under uncertainty—becomes the “invisible hand”
shaping the model’s value system.

2. Multimodal Bias Driven by Annotator Risk Preference

Risk Aversion and Over-Defensive Bias. In safety auditing or sensitive content
filtering tasks, platforms often employ high-pressure penalty mechanisms. This induces
extreme risk aversion among annotators. When encountering images with cultural specificity
or non-mainstream content, risk-averse annotators tend to follow the “better safe than sorry”
principle, labeling them as “NSFW” (Not Safe For Work) or refusing to describe them.
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Once this decision logic is learned, it transforms into associative discrimination or spurious
correlations (Geirhos et al., 2020). The model learns to strongly bind specific visual features
(e.g., darker skin tones, specific cultural attire) with the concept of “risk.” The result is a
form of “cold deletion” during generation or retrieval, effectively constituting the digital
erasure of marginalized groups, as observed in large-scale multimodal datasets (Birhane
et al., 2021).

Risk Seeking and Stereotypical Hallucination. In contrast, in Image Captioning or
Visual Question Answering (VQA) tasks, some annotators exhibit risk-seeking tendencies,
particularly when visual information is occluded or missing. Instead of labeling a feature
as “unclear” when a face is blurry or an object is obstructed, risk-seekers utilize social
stereotypes to fill in the blanks. For instance, a blurry figure in a nurse’s uniform is labeled
“female”. This gambling-style annotation leads the model to ignore visual evidence during
cross-modal alignment, instead relying on linguistic statistical regularities (Rohrbach et al.,
2018). Bias is not only preserved but hallucinated—the model confidently generates details
that do not exist in the image but align with stereotypes (Li et al., 2023).

The Consensus Trap and Neutrality Bias. Furthermore, the consensus mechanisms of
crowd-sourcing platforms exacerbate these issues. To maximize earnings, annotators attempt
to predict the majority vote (Geva et al., 2019). When facing ambiguous cases, risk-averse
annotators tend to select “neutral” or “uncertain” tags to minimize the probability of being
flagged as a “false positive” by quality control systems. This is termed “neutrality bias”
(Voutsa et al., 2025). Here, neutrality is not an objective reflection of reality but a defensive
decision. This renders the model extremely obtuse when processing real-world edge cases
or subtle bias signals (such as micro-aggressions), as the training signals have been heavily
masked by defensive neutralization.

3. Algorithmic Interventions

To address this, one approach involves introducing annotator characteristics (specifically
the risk coefficient, α) into the training loop. By feeding α into the network alongside the
input sample (text + image), effective inductive bias is introduced, enabling the model to
discern the objectivity of the description.This aligns with recent work on modeling individual
annotator perspectives rather than aggregating them into a single ground truth (Davani
et al., 2022). Another method involves dynamic modality masking during the alignment
phase. If the system detects an over-reliance on a modality heavily influenced by annotator
bias (e.g., the visual channel), it can dynamically mask that modality, forcing the model to
seek features from complementary, less biased modalities (e.g., text) (Cadene et al., 2019).

4. Position and Future Directions

Annotator risk preference is an underestimated phantom variable in the genesis of multimodal
AI bias. Through cognitive anchoring, defensive neutralization, and loss aversion mechanisms,
it fundamentally alters the substructure of labeled data, transforming objective uncertainty
into systemic bias laden with subjective value judgments.

To rectify this, the technical community must transcend the data cleaning mindset and
pivot toward rational mechanism design:
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Figure 1: The propagation mechanism of multimodal bias driven by annotator risk prefer-
ence.

• Introduce Epistemic Uncertainty Labels: Abandon forced binary choices in
subjective tasks in favor of soft labeling paradigms that preserve the full distribution
of uncertainty.

• Decouple Reward Loops: Separate the reward functions for safety and utility
to prevent risk aversion from causing over-censorship or risk seeking from causing
hallucination.

• Psychological Profiling: Establish dynamic psychological profiles for professional
annotation teams, treating risk preference as essential metadata.

• Adversarial Risk Training: Introduce expert models with varying risk preferences
during the RLHF stage to act as adversaries, forcing the primary model to dynamically
adjust its confidence thresholds across different contexts.

Through these systemic interventions, we can not only enhance the precision of AI but
also construct an algorithmic system of fairness that possesses humanized prudence while
transcending human bias. This represents not merely a technical victory, but a profound
reshaping of the ethical governance path for artificial intelligence.
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