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Abstract

Visual Question Answering (VQA) systems have achieved impressive performance with
the rise of large-scale vision-language models (VLMs). However, these models remain
vulnerable to multiple forms of multimodal bias, severely limiting their robustness and
generalization. Existing debiasing techniques mainly depend on post hoc evaluation
or architectural modifications, while recent prompt-learning-based methods reveal new
opportunities for aligning downstream tasks with pretrained models. In this work, we
propose a unified prompt-driven debiasing framework that integrates generative prompt
learning and a fuzzing-based bias correction mechanism. The generative prompt compo-
nent reformulates VQA as a cloze-style masked prediction problem, leveraging pretrained
language priors to improve semantic grounding. Meanwhile, the fuzzing-based module
actively constructs unexpected test samples during training and employs a reflection mech-
anism to correct biased predictions in-loop, yielding inference-time robustness without
additional test-time components. Extensive experiments on VQA-v2, VQA-CP, VQA-CE,
GQA-OOD, and VQA-VS demonstrate that the proposed framework significantly improves
both in-distribution (ID) accuracy and out-of-distribution (OOD) robustness, outperforming
existing prompt-only or data-augmentation-only debiasing methods.

Keywords: visual question answering; prompt; debias; language bias

1. Introduction

In recent years, the rapid development of large-scale pretrained models has substan-
tially advanced a wide range of artificial intelligence tasks. Models such as GPT and
BERT [1] have provided strong foundations for natural language understanding and gener-
ation. Meanwhile, in the field of vision-language learning, pretrained multimodal models
based on the Transformer architecture [2] have also demonstrated remarkable represen-
tational power. The general pipeline underlying such models typically consists of two
phases: (1) performing large-scale pretraining on massive image-text corpora to capture
cross-modal relationships and (2) adapting the pretrained architecture to downstream tasks
through task-specific structural modifications. However, as the scale and complexity of
these models continue to grow, issues arise regarding training cost, parameter efficiency,
and the feasibility of adapting them in resource-constrained settings.

To address this, recent work has explored a new paradigm: prompt learning [3].
Instead of modifying the pretrained model architecture, prompt learning reformulates
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downstream tasks so that they naturally fit the pretrained model’s inherent prediction
objectives. In contrast to conventional pretraining + fine-tuning paradigms, prompt learn-
ing enables efficient zero-shot or few-shot adaptation by allowing downstream tasks to
coexist with the pretraining objective. This motivated us to investigate whether a pretrained
model—which has already learned rich multimodal knowledge—can be directly utilized
through prompt-based reformulation without extensive architectural changes.

Building on this idea, we incorporate prompt learning into the Visual Question An-
swering (VQA) task. Traditional VQA systems treat the task as multi-class classification
and attach an additional fully connected prediction layer to the pretrained backbone. In our
method, however, we construct a template-based prompt and insert the image representa-
tion and question text into predefined slots, using the <mask> token to mark the answer
position. This reformulates VQA into a Masked Language Modeling (MLM) task [1], con-
sistent with the pretraining objective. Additionally, we integrate the concept of a Prefix Lan-
guage Model to allow the model to generate the answer token based on all preceding con-
textual and visual information, making the VQA process more aligned with natural human
reasoning. To further narrow the semantic gap between generated answers and ground-
truth labels, we introduce a semantic similarity constraint that quantitatively measures and
reduces semantic discrepancy during training. Through this prompt-based reconstruction
of inputs and labels, our framework achieves notable performance improvements.

While prompt learning enhances the adaptation between VQA and pretrained models,
biases remain a major obstacle in multimodal learning. VQA [4,5], as a representative
multimodal reasoning task, requires jointly understanding images and text, but a large
body of research has shown that current VQA models are highly susceptible to various types
of biases [5,6]. Such biases arise not only from language priors but also from visual and
cross-modal interactions, where frequent co-occurrences between certain words and objects
mislead the model [7,8]. To mitigate these issues, prior works have proposed ensemble-
based methods [9-13], data augmentation [14-18], contrastive learning [19-22], and answer
re-ranking approaches [23-26]. Data augmentation and counterfactual methods modify
training distributions, which may violate the design principles of benchmark datasets
such as VQA-CP. MLLM-based approaches benefit from strong pretrained representations
but introduce challenges in fair comparison due to architectural disparity and potential
hallucination issues. Nevertheless, these methods either address only a subset of biases or
rely on heuristics that lack generality [12,27,28]. Thus, constructing a unified, generalized
debiasing framework remains an open problem [7,29].

Fundamentally, the “bias” in VQA models manifests as pathological shortcut learning,
where the network exploits superficial data correlations (e.g., historical co-occurrences
between specific question types and high-frequency labels) instead of learning causal
vision-language alignments. Existing paradigms largely fall short of addressing this. Data
rebalancing or counterfactual augmentation approaches inevitably deform the training
distribution manifold, which frequently violates the design intent of benchmarks and
triggers severe trade-offs. Meanwhile, post hoc evaluation or late-stage answer re-ranking
acts only as a passive diagnostic tool after the model parameters have already been heavily
contaminated by shortcuts. They fail to dynamically eliminate bias during the parameter
optimization pipeline.

Consequently, treating these empirical symptoms post hoc or mutating data distribu-
tions externally fails to rectify the root cause embedded within the optimization objective
itself. This structural failure creates an urgent programmatic necessity for a proactive, in-
loop diagnostic and real-time repair mechanism that actively operates during the gradient
descent loop. To implement such a dynamic defense, we draw a direct tactical philosophy
from software engineering: rather than waiting for a system to fail in production, engineers
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utilize “fuzz testing” to deliberately bombard code execution paths with unexpected in-
puts, thereby flushing out latent edge-case vulnerabilities before they solidify. Mapping
this proactive philosophy to multimodal learning, a VQA model’s pathological shortcut
habits can be precisely conceptualized as silent logic vulnerabilities. These biases remain
hidden under standard in-distribution samples but systematically crash under atypical
multimodal conditions.

To overcome these limitations, we argue that model bias shares an intrinsic structural
equivalence with software vulnerabilities in software engineering. Just as a software bug
lies dormant under standard operational workflows but precipitates system crashes when
executing edge cases, a VQA model’s shortcut learning behaviors remain entirely masked
by deceptively high accuracy under standard, in-distribution (ID) training samples. These
insidious biases are only laid bare when the system is subjected to stringent boundary
conditions. Consequently, drawing inspiration from automated software verification, we
propose that the core metaphor of “fuzz testing”—which systematically probes system
resilience via unanticipated inputs—can be naturally mapped to VQA debiasing. By syn-
thesizing atypical multimodal probes as test cases during training, we can aggressively
surface the model’s latent shortcut dependencies before they solidify into the weights.

A deeper examination of the debiasing process reveals an important insight: bias is
learned during training. Since deep learning relies heavily on data [30], models inevitably
absorb spurious correlations present in the training set [31]. By the time performance is
evaluated on the held-out test set, the model has already been affected by bias. A natural
question arises: Can we monitor and correct bias during training, similar to evaluat-
ing model behavior on test data, without violating the separation between training and
test sets?

To answer this, we draw inspiration from fuzz testing in software engineering. The par-
allel between model debiasing and software fuzzing is grounded in a shared structural
principle: both processes systematically probe system behavior under atypical conditions.
In software testing, fuzzing generates unexpected inputs to trigger crashes or undefined
behavior, with fuzzers monitoring program execution for violations [32]. Analogously,
in VQA training, we can generate atypical multimodal samples that trigger the model’s
reliance on spurious correlations. Just as fuzzers monitor program execution for violations,
our framework monitors model predictions for signs of biased reasoning. The key insight
is that biases—like software bugs—are latent during normal operation but manifest when
the system encounters inputs outside its comfort zone. With the rapid development of deep
learning systems, fuzzing has been increasingly applied to detect vulnerabilities in deep
learning libraries [33]. Inspired by this, we propose a Fuzzing-based Debiasing Framework
(FD), in which fuzz-inspired unexpected samples are generated during training to probe
the model’s susceptibility to different types of bias.

Unlike traditional data augmentation methods [14-18], our additional data are not
intended to balance or enrich the training distribution but to test the model for bias in
each training epoch. If biases are detected, we employ a new bias evaluation criterion to
measure the severity of the model’s biased behavior and introduce a reflection mechanism
that adjusts the model parameters accordingly. This process mirrors software debugging:
fuzzing identifies vulnerabilities, evaluation metrics assess their severity, and the reflection
mechanism “patches” the model by suppressing biased representations.

In summary, our work integrates prompt learning and fuzzing-based debiasing to
jointly enhance VQA robustness. The contributions are as follows:

*  We design a prompt-based framework that reformulates VQA into a cloze-style predic-
tion task, effectively aligning downstream objectives with pretrained language models.
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*  Weintroduce a novel fuzzing-based debiasing framework that detects and corrects
model bias during training, rather than relying solely on post hoc evaluation.

¢ We develop new bias evaluation criteria and a reflection mechanism for quantifying
and mitigating multimodal biases in real time.

¢ Comprehensive evaluation across multiple benchmarks—including VQA v2, VQA-VS,
VQA-CPv2, GQA-OOD, and VQA-CE—verifies that our proposed method regularly
surpasses existing state-of-the-art techniques for debiasing and improving robustness.

2. Related Work
2.1. VQA

Visual Question Answering (VQA) [4] has evolved rapidly as a representative mul-
timodal reasoning task, spurring the creation of numerous benchmark datasets and pre-
trained models [4,24,34,35]. However, research indicates that models often rely on lan-
guage, visual, and multimodal biases within datasets rather than performing genuine
reasoning [5-8], which has motivated the establishment of out-of-distribution (OOD) bench-
marks such as VQA-CP [24] and VQA-VS [8] to evaluate robustness. To mitigate these
spurious correlations, existing debiasing research is primarily categorized into ensemble
methods [9-12,24], data augmentation [14-18], contrastive learning [19-22], and answer re-
ranking [23-26]. Nevertheless, most existing techniques are limited to specific architectures
or fail to comprehensively address the wide variety of biases in VQA [27,28,36]. The method
proposed in this paper broadly falls under data augmentation; however, unlike previous
approaches that focus on rebalancing training data, we aim to generate unexpected inputs to
assist in bias detection and correction, optimizing predictions and suppressing bias during
training through the introduction of a bias fairness indicator and a reflection mechanism.

2.2. Prompt Learning

Prompt learning [3] has emerged as an influential paradigm for adapting pretrained
language models to downstream tasks. By converting input samples into cloze-style
templates, models can directly leverage their pretrained knowledge without extensive
fine-tuning. Early works such as PET [37], KPT [38], and subsequent studies [39-41]
demonstrate the effectiveness of prompt-based adaptation in NLP tasks.

With the rise of multimodal learning, prompt learning has also been explored in
visual-language tasks. PICa [42] uses CLIP [43] to convert images into textual descriptions
and applies prompt-based reasoning; CoOp [44] introduces learnable prompts for VLM
adaptation; CPT [45] reformulates multimodal co-reference into cloze-style questions.
Inspired by these works, our method explores prompt learning within the VQA task and
integrates it with debiasing.

2.3. Fuzzing

Fuzzing [32] is an automated software testing technique designed to expose system
vulnerabilities by generating invalid, random, or unexpected inputs. With the emergence of
large language models (LLMs), fuzzing has increasingly been combined with deep learning
systems. Recent works explore LLM-assisted fuzzing across multiple domains, including
DL library fuzzing, compiler fuzzing, protocol fuzzing, general-purpose fuzzing, and fuzz
driver generation. In this study, we draw inspiration from fuzzing to generate unexpected
data samples during VQA training, enabling real-time bias detection and correction without
violating the integrity of test set separation.
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3. Proposed Method

In Section 3, we introduce a prompt-guided fuzzing debiasing framework designed
specifically for Visual Question Answering (VQA). Unlike traditional fuzzing, which relies
on random perturbations, our method leverages prompt engineering and generative models
to synthesize high-level, semantically structured, and model-unexpected test samples.
These test samples expose multimodal bias during training, enabling the model to improve
robustness and generalization. The overall framework is shown in Figure 1.

Image Image'

PTG

Vision Language Model l—».

Question
VQA Data PTG Generation strategy Prediction model Prediction
Image
-Bias evaluation metric - Adjusted Prediction

Figure 1. Overall framework of the proposed prompt-driven fuzzing debiasing method (FD).
The framework consists of three main components: (1) Prompt-Engineered Test Generation (PTG)
that produces unexpected multimodal samples, (2) a prompt-based VQA formulation that converts
standard VQA into a cloze-style prediction task, and (3) a reflection mechanism that detects and
corrects biased predictions through bias fairness evaluation.

3.1. Preliminaries and Theoretical Underpinnings

Fuzzing [32] is an established technique for verifying software reliability by providing
unexpected inputs to reveal vulnerabilities. In deep learning, recent work has extended
fuzzing to assess the robustness of neural networks. However, existing fuzzing approaches
typically rely on random, low-level perturbations that do not reflect the semantic nature of
multimodal tasks such as VQA.

To address this limitation, we propose a prompt-only fuzzing mechanism, in which
fuzzing samples are generated not by random corruption but by instruction-driven prompt
template combined with pretrained generative models. This approach enables the creation
of structured, multimodally coherent yet unexpected samples, which are substantially more
informative for bias detection.

To mathematically formulate why our prompt-guided fuzzing paradigm systemati-
cally exposes hidden linguistic biases, we analyze this procedure through the lens of Causal
Inference and Information Theory.

(1) Causal Framework for Bias Exposure: Let Q be the question text space, V be the
visual scene feature space, and Y be the answer space. Traditional VQA datasets
inherently suffer from a confounding language prior bias, denoted by a backdoor path
Q — Y that circumvents the required multimodal reasoning path Q x V — Y. When
a VQA model parameterizes Py(Y|Q, V), it tends to memorize the empirical statistical
shortcut Py, (Y|Q) rather than aligning visual grounds. Our Prompt-engineered Test
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Generation (PTG) acts as a structural counterfactual intervention do(Q = 4’), where
q' is synthesized to satisfy:

q/ ~ PGEN(Q|U)r s.t. Pdata(Ym/) 7é Pdata(yw)‘ (1)

In practice, this abstract causal intervention is directly operationalized by the gener-
ative PTG module detailed in Section 3.2, which breaks the confounding backdoor
link. If the model relies on true visual alignment, its prediction Py(Y|q’, v) remains
robust; otherwise, the intervention do(Q = gq') triggers a catastrophic confidence shift
detected by our differential BFE metric.

(2) Information-Theoretic Entropy Maximization: From an information-theoretic view,
a biased model possesses an anomalously low conditional entropy Hp(Y|Q) over
shortcut patterns, indicating over-confidence in surface textual clues. To rectify this,
we penalize low-entropy shortcut prediction patterns. In our engineering design,
this entropy constraint directly drives the formulation of the complementary tar-
get distribution Pirget (detailed in Section 3.6, Equation (12)) and the bias-aware
loss Ly (Section 3.7, Equation (23)). By constructing an inverse probability target
7; = softmax(— log P!), we mathematically enforce an information-theoretic penalty
that counteracts the low-entropy state of biased predictions, shifting the parameter
landscape toward balanced, high-entropy multimodal grounding.

It is important to distinguish our fuzzing-based approach from conventional data
augmentation. Data augmentation methods (e.g., CSS [15], MUTANT [14]) aim to modify
or enrich the training data distribution to improve generalization by adding transformed
copies of training samples. In contrast, our fuzzing samples serve as diagnostic probes:
they are generated during each training epoch to test the model’s current susceptibility to
bias, and influence optimization only indirectly through the bias fairness evaluation and
reflection mechanism. Specifically: (1) Usage: Data augmentation samples are permanently
added to the training set, whereas fuzzing samples are conditionally activated only when
bias is detected (i.e., C; > 7) and are discarded after the reflection step. (2) Optimization
path: Data augmentation indirectly affects parameters by expanding the data distribution;
our framework directly intervenes on sample-specific gradient signals through the bias-
aware loss £, and the reflection mechanism. (3) Lifecycle: Data augmentation samples
persist throughout training; fuzzing samples are regenerated each epoch to adapt to the
model’s evolving state and discarded after bias evaluation.

3.2. Prompt-Engineered Test Case Generation (PTG)

The core of our debiasing strategy is Prompt-engineered Test Generation (PTG),
in which we use large pretrained generative models to synthesize abnormal but seman-
tically meaningful VQA samples. Unlike previous perturbation-based fuzzing methods,
PTG maintains syntactic and contextual plausibility while intentionally steering questions
away from the original data manifold.

Given a standard VQA sample (v;, g;, a;), PTG generates a test question qf and a visual
feature v/ using the following generative prompt design.

3.2.1. Language Test Sample Generation

To actively test whether the model is trapped by systematic language prior dynamics,
we pass the problem context through an instruction-driven language forecasting distribu-
tion Py (4q'|q). The instructions explicitly mandate the synthesizer to deviate from historical
data patterns while preserving semantic plausibility. Consequently, 4; behaves as an active
linguistic probe rather than random syntactic noise, directly validating the causal boundary
conditions of the primary vision-language encoder.
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3.2.2. Visual Test Sample Generation

Symmetrically, we employ a non-parametric multi-region feature distribution genera-
tor Gy (v’|v) conditioned on the source cross-modal sample. The semantic prompt forces
the spatial synthesizer to hallucinate atypical cross-modal scene alignments and uncommon
regional compositions. This ensures that the resultant visual output v/ exposes whether
the underlying VQA network establishes authentic spatial grounding or merely executes
empirical pattern re-weighting correlations on standard manifolds.

3.2.3. Resulting Prompt-Guided Test Samples

Each PTG operation yields (v}, q), which differs from the training distribution yet pre-
serves semantic structure and multimodal consistency. This ensures that fuzzing evaluates
the model’s reasoning rather than its ability to handle noise.

Figure 2 illustrates the PTG process.

Question:How many cats in the picture?

f one cat suddenly disappears from
he picture, how many cats would
emain and what clues in the image
elp you determine this?

Prompt:Given the problem context,
generate an adversarial test case that
challenges the model's assumptions.

Figure 2. Prompt-engineered test sample generation (PTG). Pretrained generative models produce
linguistically coherent but unexpected questions and visually plausible but atypical visual features,
enabling high-level fuzzing for VQA.

3.3. Prompt-Based VQA Formulation

Following recent advances in vision-language pretraining, we adopt a prompt-
learning formulation of VQA to better align visual and textual reasoning. Specif-
ically, we convert each VQA sample into a template-based cloze question: "Due
to <image_feature>, regarding the question <g>, the answer is <mask_>." The
model is required to generate the masked answer token(s). This approach provides two
benefits: (1) It aligns the VQA task with language-model pretraining objectives such as
masked language modeling. (2) It allows the model to encode answer semantics directly in
natural language space, reducing answer-category bias.

3.4. Formal Definitions and Bias Fairness Evaluation

Before presenting the label construction and reflection mechanisms, we provide formal
definitions of all key variables and the Bias Fairness Evaluation (BFE) metric.

Notation. We represent the VQA training set as D = {(v;, q;,4;) };, encompassing
the image feature v;, the query g;, and the corresponding ground-truth answer 4;. Given an
input instance, the model estimates a probability distribution over an answer vocabulary
A with a cardinality of K:

yi = Po(alo;, q;) € R, 2
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where Py denotes the model parameterized by 0. For the corresponding fuzzed sample
(v}, q}) generated by PTG, the model produces:

yi = Py(alv}, q). 3)

Bias Fairness Evaluation (BFE). It is critical to clarify that the BFE metric is not
designed to enforce a static, absolute uniform distribution constraint over all normal VQA
inferences, which would indeed introduce a directional error by penalizing valid, high-
confidence reasoning. Instead, under Jaynes’ Principle of Maximum Entropy, when a model
is confronted with an atypical, out-of-distribution counterfactual probe (v}, 7;) synthesized
by PTG that explicitly strips away historical correlation shortcuts, the model’s posterior
distribution Py(Y|v},q}) should naturally display epistemic uncertainty (approaching a
uniform distribution) if it lacks authentic visual reasoning support. If, however, the model
remains pathologically over-confident on the fuzzed probe, it indicates reliance on rigid,
visual-insensitive language shortcuts. Formally, the BFE for a prediction y over K answer
candidates is defined as:

1 K 1
B]:E(}/)Zz yk*E

A-1/K) & ‘ @)

which scales BFE strictly to [0, 1], where 0 indicates a perfectly uniform (unbiased) predic-
tion. For a set of M bias-type subsets (e.g., language bias, visual bias, cross-modal bias),

the overall BF¢ is:
B U({Accm}n]\le)

n({Acem}tyly)’

where Accy, is the accuracy on bias subset m, () is the mean, and o(+) is the standard

B‘F‘C/‘overall =1 (5)

deviation. BFE yyeran € [0,1], with 1 indicating perfect fairness.

3.5. Label Construction for PTG Samples

Generated fuzzing samples (v}, 4!) do not have ground-truth labels. We therefore
generate surrogate labels by inverting the original model distribution. This section provides
the theoretical justification and formal definition of our label construction strategy.

3.5.1. Theoretical Justification

The transformation a; = |1 — y;| can be understood from multiple theoretical perspectives:

Inverse Probability Weighting (IPW). In causal inference, IPW assigns higher weights
to underrepresented samples to correct for selection bias. Here, y; represents the model’s
confidence over answers, and 1 — y; assigns higher weight to answers the model currently
neglects, those likely suppressed by language priors. This creates a contrastive signal that
exposes bias-driven prediction patterns.

Information-Theoretic View. Let H(Py) denote the entropy of the model’s prediction
distribution. When H(Py) is low (high confidence), the model may be relying on shortcut
features. The inverse label construction a} = |1 — y;| increases the effective information
gain by forcing the model to reconsider answers it had prematurely ruled out.

Multi-Class Generalization. For VQA with K candidate answers, we generalize the
transformation to:

a; = softmax(— log Py (alv;,q;)/T), (6)

where T is a temperature parameter. As T — 07, this reduces to the binary |1 — y;| form. This
formulation assigns a principled probabilistic interpretation: a; defines a distribution comple-
mentary to the original, with the softmax ensuring valid probability simplex constraints.
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Confidence Gating. To mitigate supervisory noise when the original model’s predic-
tions are uncertain, we introduce a confidence gating mechanism:

) softmax(—log Py(alv;, q;)/T), if maxa Py(alvi,qi) > Ocons )
l Yis otherwise,

with 0.,,¢ = 0.6. This ensures label inversion is applied only when the model has sufficient
confidence, preventing noise amplification from uncertain predictions.

To further rigidify the theoretical foundation of this design, we explicitly analyze
its boundary conditions and potential limitations. Since the inverted target a; directly
derives from the model’s instantaneous execution state y;, it inherently creates a closed-
loop coupling system. A theoretical vulnerability arises if the model encounters highly
ambiguous out-of-distribution (OOD) samples where the predictive logits are dominated
by epistemic uncertainty rather than systematic bias. In such scenarios, raw inversion could
inadvertently penalize legitimate exploratory predictions, leading to gradient variance
explosion or standard empirical risk degradation.

By establishing the confidence gating mechanism (Equation (7)), we analytically
define the robust operating boundaries of our framework. When maxy Py (ax|v;, 9;) < 6conts
the framework gracefully retreats to the passive multi-class imitation phase, matching
the empirical data distribution without intervention. This ensures that the dynamic error-
correction signal is selectively dispatched only to areas of the input space where the model
exhibits pathological over-confidence triggered by linguistic or visual shortcuts.

3.5.2. Differential Bias Discrimination Theorem

To rigorously address the concern that high BFE values might stem from valid visual
causal reasoning rather than harmful language shortcuts, we formally prove that the differ-
ential sensitivity index AC;—not the absolute BFE—provides a valid discrimination signal.

Proposition 1 (Differential Bias Discrimination). Let Iy(Y;V|Q) denote the conditional
mutual information between the answer Y and the visual input V given the question Q, serving as
a conceptual measure of the model’s visual reasoning capacity. For a PTG-generated fuzzed probe
(v}, q;) that removes or weakens task-critical visual evidence while preserving semantic structure,
and under the confidence gating condition maxy Py(ax|v;, q;) > Ocons:

1. IfIy(Y; V|Q) > e (genuine visual reasoning): AC; < 0 (correction not triggered).
2. IfIy(Y;V|Q) < e (language shortcut reliance): AC; > 0 (correction correctly triggered).

Proof. (1) When Iy(Y; V|Q) > ¢, the model’s posterior genuinely depends on V. The PTG
probe (v}, 4}) is designed to remove or weaken task-critical visual evidence (Section 3.2). We
empirically validate this property via target-region feature similarity analysis (Section 4.8.7):
the cosine similarity between GradCAM-localized answer-relevant features on (v;,¢;)
and (v},q;) drops significantly (from 0.82 & 0.11 to 0.34 + 0.15, p < 0.001 via paired ¢-
test), confirming that PTG probes indeed attenuate visual support for the original answer.
Under this condition, let py+ = maxy Py(ak|v;, q;) be the probability of the dominant answer
on the original sample, and p. = Py(ay-|v}, q’) be the corresponding probability on the
fuzzed probe. Since the visual support for k* is weakened by PTG, pj. < pj+. The reduction
in the dominant probability mass causes the prediction distribution to spread toward
uniformity, i.e.,

Drv(Py(-v}, q;), Uk) < Drv(Pe(-|vi, i), Uk), (8)
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where Dty denotes total variation distance, and Uk is the uniform distribution over K
classes. Since BFE(y) = Dyv(y, Uk) by definition (Equation (4)), we have BFE(y)) <
BFE(y;), hence AC; < 0.

(2) When Iy(Y;V|Q) < g Pyp(Y|V,Q) = Pyp(Y|Q), so the prediction is approxi-
mately invariant to V. Replacing v; with v} yields Py(Y|v},q!) ~ Py(Y|v;,q;), hence
BFE(y;) = BFE(y;) and AC; = 0 > 0 (within tolerance margin Tmargin). [

Remark 1 (On the conceptual role of Iy). We emphasize that Iy(Y; V|Q) serves as a conceptual
device for organizing the proof structure rather than a directly observable quantity in practice.
Computing conditional mutual information exactly from finite data is generally infeasible; moreover,
Iy depends on the model parameters 6 which evolve during training. Therefore, Proposition 1
provides conceptual justification for why the differential BFE AC; should discriminate correctly in
principle, while the FPR experiment (Section 4.8.7) provides empirical validation that it does so in
practice. These two forms of evidence—conceptual and empirical—are complementary: the former
explains why the mechanism should work; the latter confirms that it does work on real data.

Remark 2 (Summary). Proposition 1 establishes that the differential BFE AC;, not the absolute
BFE, serves as the discrimination criterion. This resolves the apparent directional conflict: a model
with genuine visual reasoning exhibits decreased prediction concentration (lower BFE) on fuzzed
probes due to the attenuation of visual evidence, while a model relying on language shortcuts
maintains its concentrated prediction regardless of visual perturbation. The confidence gating
mechanism further ensures that this discrimination operates only on predictions with sufficient model
confidence (>0.4ns), preventing noise amplification on uncertain samples. Empirical validation
via the false positive rate (FPR) experiment with attention-based cross-validation is provided
in Section 4.8.

A comprehensive ablation study comparing five label construction strategies is pre-
sented in Section 4.8.6 (Table 1), confirming that the IPW strategy with confidence gating
achieves the best bias—fairness trade-off.

Table 1. Ablation on label construction strategies for fuzzing samples. Results on VQA-CP v2 test set.
l indicates lower values correspond to better bias mitigation. Rows (a)—(e) represent five alternative
label construction strategies.

Label Strategy Accuracy (%) BFE |

(a) 11; = |1 - ]/1| (original) 62.1810'71 0-232i0.014
(b) {1; =1- Yi (linear, no abs) 61.8510.82 0-241i0.016
(C) Random label ﬂip (500/0) 59.3411_52 0.298:|:0.025
(d) IPW + confidence gate 63.45.10.48 0.188+0.009
(e) Entropy-weighted soft labels 63.211056 0.1951 9011

3.6. Reflection Mechanism

Once we obtain predictions for original and fuzzed samples (y;, y;), we compute the
bias fairness evaluation:

Cl=BFE(y:), C*=BFEW).

Their difference measures the sensitivity of the model to bias when exposed to unex-
pected inputs:
AC; =C?-C.
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We then apply a corrective reflection rule:

5(y;), AC; >0

9
Yi, AC; < 0. ©)

<
|

This step mimics a human-like self-correction process: if the fuzzed sample triggers
higher bias, the original prediction is adjusted toward less biased alternatives.

The correction function §(y;)—termed the Answer Redistribution Function—is defined
through the following computational steps:

1.  Temperature Scaling. Scale the original prediction logits to sharpen the distribution:
logits, = logits,/t, T =0.5, (10)

where T < 1 produces a sharper distribution, helping to identify the model’s dominant
answer preferences.
2. Softmax Normalization. Obtain the scaled probability distribution:

Pj(alv;, q;) = softmax(logits’). (11)

3. Inverse Distribution Construction. Build a target distribution complementary to
the original:
Pearget(a) = softmax(— log Py(alv;, q;)). (12)

Intuitively, answers the model is highly confident in receive low target probability,
while answers the model neglects receive high target probability.
4. Weighted Fusion. For training stability, blend the inverse distribution with the original:

Pinai(a) = (1 — ) - Py(alvi, q;) + & - Prarget(a), (13)

where &« = min(C;/ Thias, ¥max ), max = 0.8, and Ty, is a bias threshold. A higher bias
score C; results in a larger «, giving more weight to the inverse distribution.
5. Hard Label Extraction. Extract the corrected prediction:

i = arg max a1 (). (14)

Algorithm 1 presents the complete reflection correction procedure in pseudocode.

Algorithm 1 Pseudocode of the reflection correction mechanism.

Require: Original sample (v;, q;), fuzzed sample (v}, q’), model Py, T = 0.5, tmax = 0.8
Ensure: Corrected prediction §;

1: y; < Py(alv, q;) // Original prediction
2: y; < Pp(alv}, q7) // Fuzzed prediction
3: C; + BFE(y,); C| < BFE(y))

4: ACj + Cl( -G

5: if AC; > 0 then

6:  logits’ « logits(y;)/7T

7. P’ < softmax(logits’)

8: Prarget < softmax(—1log P’)

9: a < min(C;/ Tpias, ¥max)
10: Phinar < (1_“)'P/+0"Ptarget
11:  §; ¢ argmaxg Prna(a)
12: else
13: Ui < yi // No correction needed
14: end if
15: return 7;
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3.6.1. Gradient Mechanics and Non-Chaotic Convergence Proof

To formally address the concern regarding whether fitting an inverted distribution in-
duces chaotic outputs or deforms empirical performance on standard samples, we examine
the gradient properties of the bias-aware loss L. Let zj represent the model’s output logit
for answer candidate k. The gradient of the localized cross-entropy component Lcg(y, )
with respect to zj is analytically expressed as:

ILcE(Y, )

sz =Yk — Yk
Substituting the weighted fusion target Pgpq1(ay) from Equation (12) into §; yields:

dLcE
8zk

= yx — [(1 — a)y) + a - softmax (—log ;)]

When the model triggers a severe shortcut bias on a fuzzed sample, the scaled probabil-
ity y; — 1, driving the dynamic target 7 — 0. Under this boundary condition, the gradient
simplifies to agTCkE ~ Y > 0, generating an aggressive positive penalty gradient that sys-
tematically depresses the parameter vectors aligned with that biased shortcut. Crucially,
because 7y is a bounded, convex combination governed by & = min(C;/ Tpias, ¥max ), the ob-
jective does not enforce a chaotic white-noise assignment. Instead, it behaves as a directional
repulsive boundary. Furthermore, the confidence gating mechanism (Equation (3)) guaran-
tees that for standard samples devoid of systematic over-confidence shortcuts, AC; < 0,
and £, identically vanishes to 0. This mathematical bifurcation strictly decouples standard
empirical risk minimization from bias suppression, eliminating optimization chaos.

3.6.2. Control-Theoretic Convergence and Dissipative Analysis

To address the stability of our closed-loop feedback training process, we formulate
the optimization trajectory as a discrete-time dynamical system perturbed by the PTG
actuator. Let @ € RP be the system state vector (model parameters). The update equation
is governed by:

011 = 0 — 11 (VoLyva (0r) + Au(:, wt) + A2 VeLsim(60)), (15)

where w; is the unexpected perturbing input generated by PTG at step ¢, and
u(6y, wy) = I(AC; > 0) - I(max Py > Ocons) - VoLcr (i Ji) represents the feedback con-
trol signal dispatched by the reflection mechanism.

We define the energy state of the system using a candidate Lyapunov function
V(0) = Liota1(0). Since Lyt is lower-bounded by zero, V(6) > 0. Under the L-smoothness
assumption of the objective function, the system energy difference is bounded by:

V() - V0 < =1 (1= 2 ) VoL 012 + OGPl w0 D). (16

When the step size # is chosen such that 7 < 2/L (ensuring 1 —#L/2 > 0) and
the perturbation magnitude satisfies ||u(6;, w;)||? < (1_;777[%/2) | Vo Liota1 (61 )||>—a condition
enforced by the confidence gating mechanism, which zeroes out u when the model’s
prediction lacks pathological over-confidence—the perturbation term is dominated by
the negative descent term, yielding V(6;11) — V(6;) < 0. This establishes the Lyapunov
descent condition, conditionally ensuring bounded energy when the perturbation bound is
satisfied, an invariant that is actively enforced through the A; warmup schedule described
below and empirically verified through R; monitoring (Section 4.8.8).

A1 Warmup Schedule. A critical vulnerability of the Lyapunov condition arises during
the early stages of training, when the main loss gradient norm ||V Lyqa (6;)|| is small and
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PTG-generated perturbations ||u(6;, w;)|| may be relatively large due to the stochastic
nature of the generative model. To ensure the Lyapunov condition holds throughout this
vulnerable phase, we introduce a warmup schedule for the bias-aware loss weight A1:

A(t) = min(t, 1) ATES (17)
Twarm

where Tyarm = 5 epochs, and /\tlarget = 0.5. During the warmup phase, A; linearly ramps
from 0 to its target value. Since the perturbation contribution to the parameter update is
scaled by A (t) (Equation (17)), a small A4 (t) in early training proportionally suppresses the
perturbation term, maintaining the ratio ||u||?/|| Vg Liota1 ||> below the Lyapunov threshold
even when || VyLyqa || is small. This schedule is specified a priori before training begins; no
mid-training parameter adaptation is performed, ensuring consistency with the Lyapunov
analysis which assumes fixed hyperparameters.

Lyapunov Condition Ratio Monitoring (Diagnostic). For post hoc empirical verifi-
cation that the warmup schedule achieves its design objective, we define the Lyapunov
condition ratio at step t as:

2 2
R -l w)] s

7(1= %) Vo Liotar (61)]2

where R; < 11is equivalent to the Lyapunov descent condition. Note that R; is computed
purely as a monitoring diagnostic during or after training; it does not trigger any parameter
modification. If monitoring reveals R; approaching or exceeding 1 at any point, this would
indicate that the warmup schedule requires redesign (e.g., longer Tiyarm Or smaller /\;arget),
but such modification would necessitate re-running training with the revised schedule, not
mid-training adjustment. Empirical verification that R; < 1 holds throughout training is
presented in Section 4.8.8.

Crucially, we bound the perturbation input using the semantic similarity constraint

leg, —egll < /20— ), (19)

where v = 0.7 acts as a guardrail. This guarantees that w; resides within a compact,

L q—sim, which enforces:

localized subset surrounding the training manifold M. Similarly, the visual perturbation is
bounded by the StyleGAN2-ADA generator’s training distribution: since v} is synthesized
to be compatible with the Faster R-CNN feature space (36 x 2048 region features), its devia-
tion from the original v; is constrained by the generator’s learned manifold. In practice, we
enforce a visual similarity threshold via CLIP score > 0.2 (Section 4.1.2), ensuring ||v; — v} ||
remains within a bounded neighborhood of the original feature manifold. Combined, both
textual and visual perturbations satisfy BIBO (Bounded-Input Bounded-Output) stability
conditions, preventing chaotic divergence. We then analyze the dissipativity of the feedback
controller u. Recall that u = I(AC; > 0) - I(max Py > Ocont) - VoLcE(Yi, J;i). When the indi-
cator functions are active (i.e., the reflection mechanism is triggered), the corrected target 7;
is constructed as §; = argmax, Pyna (2), where Py, is a convex blend of the sharpened pre-
diction Pé and the inverse target Prarget (Equation (12)). Because Prarget = softmax(— log Pé)
assigns high probability to answers the model currently suppresses, the corrected label #;
shifts probability mass toward underrepresented answers. For the dominant biased answer
k* (where yi+ — 1), the corrected target satisfies §y« < yi+, making the per-sample CE
gradient aaikcf = Y+ — Jx= > 0. This gradient penalizes the same biased logit direction that
Lyoa would penalize if the ground-truth answer differed from k* (which is precisely the
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case when AC; > 0, as the model is over-confident on a wrong shortcut answer). Therefore,
under the bias-triggered condition, the gradient inner product satisfies:

(VoLyoa(6:),u(6;,wi)) >0, (20)

meaning the correction signal reinforces, rather than counteracts, the standard empirical
risk minimization direction on bias-dominated samples.

3.7. Training Objective

We optimize the model using a joint loss function that combines the standard VQA
objective with bias-aware and semantic similarity terms:

Liotal = Lvoa + MLy + A2 Lsim, (21)

where each component is defined as follows.
VQA Loss. To supervise the multi-class answer prediction, we employ the conven-
tional binary cross-entropy loss, denoted as Lyqa:

fvar =y,

1 N
i=1

K

Y aiklogyik, 22)
k=1
where a; € {0,1} indicates whether answer k is the ground truth for sample i.

Bias-Aware Loss. The bias-aware loss £, penalizes predictions that exhibit high bias
as measured by the BFE metric. It is formally defined as:

1 N )
Ly = N Zmax(o, AC; — Timargin) * Lc (Vi 1), 23)
i=1

where AC; = Cf — C; is the bias sensitivity (Equation (1) in the main text), Tmargin = 0.1 1s
a tolerance margin that allows minor bias fluctuations without penalty, Lcg is the cross-
entropy loss between the original and corrected predictions, and the max(0, -) operator
ensures the bias penalty is applied only when the fuzzed sample triggers bias exceeding
the margin.

Semantic Similarity Loss (see Section 3.8 for details). The hyperparameters A; and
Az control the relative importance of bias correction and semantic alignment. Based on
a grid search over the validation set (search ranges: A1 € {0.1,0.3,0.5,0.7,1.0}, A, €
{0.5,1.0,1.5,2.0}), we set A; = 0.5 and A, = 1.0, which achieves the optimal balance
between debiasing effectiveness and training stability. A comprehensive sensitivity analysis
is provided in Section 4.8.8.

Important Note. All fuzzing-related components, including PTG, bias detection,
and the reflection mechanism, are exclusively active during the training phase. At inference
time, only the prompt-based VQA model with debiased parameters is used, without any
additional computational overhead.

3.8. Semantic Similarity Constraint

To bridge the semantic gap between model-generated answers and ground-truth
labels, we introduce a semantic similarity constraint. Using Sentence-BERT (all-mpnet-
base-v2) [46], both the generated answer text and the ground-truth answer are encoded
into 768-dimensional sentence embeddings egen and egt. The semantic similarity loss is
defined as:

€gen * €gt

Lgm = 1 — cos(egen, egt) = 1 (24)

HegenH : ||egt|| .
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This loss explicitly minimizes the cosine distance between generated and reference
answer embeddings during training, encouraging the model to produce answers that are
semantically aligned with human annotations rather than merely matching surface-form
labels. For the fuzzing question generation, we additionally apply a similarity constraint
between the original question g; and the generated question g}:

S
q—sim — Ni

™M=

L max (0,7 — cos(eq;, ey)), (25)

1

where y = 0.7 is a similarity threshold that prevents the generation of semantically unre-
lated questions while allowing sufficient deviation to challenge the model.

3.9. Visual Hint Prompts

Visual hint prompts are concise textual cues embedded in the question prefix that
provide information about the image content, guiding the PTG module to generate ques-
tions semantically consistent with the visual context. Specifically, we leverage a pretrained
CLIP model [43] to extract top-3 semantic labels from the input image, obtaining their text
embeddings. These embeddings are concatenated with the prompt prefix to form a visually
conditioned generation condition:

hprefix = [ecLip(11); ecLip(l2); ecLip (13); @prompt], (26)

where I1, I, I3 are the top-3 predicted object/attribute labels for the image, and eprompt is
the base prompt embedding. We explore five hint strategies in our ablation experiments:
(a) no hint (baseline), (b) category hint (“This image contains [object]”), (c) attribute hint
(“This image shows [attribute]”), (d) relation hint (“The [object1] is [relation] [object2]”),
and (e) combined hint (concatenation of the above three). A detailed comparison and
analysis of these strategies are provided in Section 4.8.

4. Experiments

This section assesses the performance of our prompt-driven debiasing framework
across several benchmark VQA datasets. We begin by outlining the experimental configura-
tion—encompassing benchmarks, implementation specifics, and baseline models—before
providing a meticulous comparison against state-of-the-art debiasing methods. Lastly,
detailed ablation experiments are carried out to dissect the impact of each core component,
namely, prompt templates, visual hint prompts, similarity-aware optimization, and back-
bone generalization.

4.1. Implementation Details

All experiments were conducted with the following configuration.

Backbone Architecture. The primary visual backbone adopted by FD was UpDn
(Bottom-Up Top-Down Attention) [31]. To extract visual features, a Faster R-CNN model
(backboned by ResNet-101 and pretrained on Visual Genome) was utilized, yielding
36 region proposals per image, where each region was represented by a 2048-dimensional
vector. For textual processing, tokens were mapped to 300-dimensional GloVe word
embeddings and subsequently processed via a single-layer LSTM configured with 1280
hidden units.

Hardware and Software. All empirical evaluations were conducted on a computing
node equipped with four NVIDIA RTX A6000 GPUs (48 GB of VRAM per card), an Intel
Xeon Gold 6338 CPU (32 cores), and 256GB of system memory. Our codebase was developed
utilizing PyTorch 1.12.
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Training Configuration. The model was optimized for 40 epochs on VQA-CP v2 and
50 epochs on VQA-CE, utilizing batch sizes of 256 and 128, respectively. Optimization was
performed via the AdamW optimizer with hyperparameters set to f; = 0.9, f2 = 0.999,
and a weight decay coefficient of 10~%. The learning rate was initialized at 10~* and
decayed following a cosine annealing schedule down to a minimum of 10~°, preceded by
a linear warmup phase during the initial three epochs. Additionally, the bias-aware loss
weight A1 employed a separate five-epoch linear warmup from zero to its target value of
0.5 (Equation (17)), ensuring that the reflection mechanism’s perturbation was gradually
introduced during the critical early training phase when gradient norms were small (see
Section 3.6.2 for theoretical justification). To prevent gradient explosion, gradients were
clipped at a max_norm of 1.0. Furthermore, an early stopping mechanism was employed:
training terminated if the validation VQA accuracy stagnated for 10 consecutive epochs,
whereupon the optimal model parameters were retrieved.

Hyperparameter Selection. Hyperparameters A € {0.1,0.3,0.5,0.7,1.0}, A, € {0.5,
1.0,1.5,2.0}, bias threshold T € {0.3,0.5,0.7}, tolerance margin Tmargin € {0.05,0.1,0.2},
and temperature Tiemp € {0.3,0.5,0.7} were selected via grid search on the validation set.
The final values were Ay = 0.5, A = 1.0, T = 0.5, Tmargin = 0.1, Ttemp = 0.5.

Reproducibility. To ensure robustness, all reported metrics represent the mean =+ stan-
dard deviation calculated across five independent experimental runs using distinct random
seeds ({42,123,456,789,1024}). We evaluated statistical significance via two-tailed paired t-
tests, incorporating Bonferroni correction to adjust for multiple comparisons. Furthermore,
Cohen’s d was computed to quantify effect sizes.

PTG Configuration. The PTG module regenerated fuzzing samples at the beginning
of each epoch.

4.1.1. Quantitative Verification of PTG Sample Quality

To verify that the generated PTG test cases constituted a controlled, intelligent form of
fuzz testing rather than introducing amorphous noise, we conducted a rigorous quantitative
evaluation on the generated questions and features:

* Linguistic Fluency (Perplexity): We evaluated the generated fuzzed questions g
using a pretrained GPT-2. The average perplexity was 32.45 + 2.15, well below the
safety threshold of 50.0, indicating high fluency and grammatical correctness.

¢  Semantic Plausibility (S-BERT Cosine Similarity): The cosine similarity between
the embeddings of the original question g; and the fuzzed question q; was measured
using Sentence-BERT. The similarity values concentrated in the range of [0.62,0.78]
with a mean of 0.68, validating that the generated probes remained topically relevant
and semantically grounded in the image context.

*  Distributional Unexpectedness (JSD): We measured the Jensen-Shannon Divergence
(JSD) between the sentence embeddings of the fuzzed dataset and the original training
set. The divergence score yielded JSD = 0.42, notably higher than the JSD between two
disjoint random subsets of the original training set (JSDpascline = 0.08), confirming that
the fuzzed samples represented a distinct, off-manifold out-of-distribution shift rather
than random subsampling variation. At the same time, the divergence remained well
below the theoretical maximum of 1.0 (completely disjoint distributions), satisfying the
“unexpectedness” criterion needed for fuzz testing without drifting into white noise.

Furthermore, human evaluation of 200 random samples on a five-point Likert scale
(where 5 represents excellent syntax and visual grounding) yielded an average score of
4.42 £ 0.38 with substantial inter-annotator agreement (Fleiss’ ¥ = 0.78), verifying the high
quality of the generated probes.

https:/ /doi.org/10.3390/mti10080082


https://doi.org/10.3390/mti10080082

Multimodal Technol. Interact. 2026, 10, 82 17 of 32

4.1.2. Detailed PTG Generator Implementation

Question Generator Architecture. We employed GPT-2-medium (345M parame-
ters) as the backbone for unexpected question generation. The architecture consisted of
12 Transformer decoder layers with 1024-dimensional hidden states and 16 attention heads.
The input was formed by concatenating a learned linear projection of visual features with
a prompt prefix, and the model generated text autoregressively conditioned on this mul-
timodal prefix. Fine-tuning was performed on the VQA v2 training set (approximately
440K questions) using LoRA (Low-Rank Adaptation) with rank r = 16 to reduce trainable
parameters and prevent overfitting.

Visual Feature Generator. For visual fuzzing sample generation, we adopted a
StyleGAN2-ADA-based generator trained to synthesize 36 x 2048 region feature matrices
compatible with the Faster R-CNN feature extractor output format. The generator was
trained on VQA v2 image features extracted by a pretrained Faster R-CNN with ResNet-
101 backbone.

Training Objective and Specifications. The question generator was optimized using
a combined objective:

Lprg = Leim + & - Laiy, (27)
where Loy = — Yy log P(wi|w<t, v) is the causal language modeling loss, wy is the tth
token, v represents visual feature conditions, and Lg;, = —H(P(w|v)) is a diversity regular-

ization term (negative entropy of the generated word distribution) that encourages diverse
question generation. The balancing coefficient « was set to 0.1. Specifically, the GPT-2
backbone was fine-tuned for five epochs using the AdamW optimizer with a learning rate
of 2 x 107%, a linear warmup of 0.1 epochs, and a batch size of 64. For the visual feature
generator, StyleGAN2-ADA was optimized using Adam with a learning rate of 2 x 1073,
B1 = 0, B2 = 0.99 and trained for 25,000 iterations. During the online fuzzing phrase,
unexpected questions were generated utilizing Nucleus Sampling with a temperature of
0.7, top-p = 0.9, and a repetition penalty of 1.2 to systematically enforce linguistic diversity
while preventing degenerate loops.

Quality Metrics. We evaluated generated samples using three metrics: (1) Perplexity
(target < 50) to assess linguistic fluency; (2) BLEU-4 score against original VQA v2 valida-
tion questions (target range of 0.3-0.7 to ensure the generated question differed from the
original while maintaining relevance); (3) Semantic similarity evaluated using Sentence-
BERT (all-mpnet-base-v2) cosine similarity, where a target range of 0.5-0.8 ensured the
questions were “unexpected” yet topically relevant.

Semantic Consistency Verification. We employed a two-stage verification mechanism.
First, automatic filtering removed generated question—-image pairs with CLIP score below
0.2 (indicating poor visual-textual alignment). Second, as detailed in Section 4.1.1, human
evaluation on 200 randomly sampled pairs yielded an average score of 4.42 + 0.38 (five-
point Likert scale; Fleiss” k = 0.78). Only samples with an average score > 4.0 were
retained. The rubric was defined as: 5 (Excellent): perfectly coherent, seamlessly matches
visual regions; 4 (Good): fully intelligible and contextually relevant; 3 (Fair): structurally
understandable but loosely coupled with the image; 2 (Poor): semantic hallucinations or
severe grammatical errors; 1 (Unusable): completely garbled or cross-modal contradiction.

4.2. Datasets

We primarily conducted experiments on commonly used VQA datasets, which are
typically employed to evaluate the debiasing ability of VQA models. We validated the de-
biasing capability of our method on VQA-CP v1 and VQA-CP v2 [24], assessed the model’s
ability to handle various types of biases on GQA-OOD [47], VQA-CE [23], and VQA-VS [8],
and evaluated the model’s generalization ability on the VQA v2 [5] dataset.
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4.3. Comparison with State-of-the-Art Methods
4.3.1. Results on VQA-CP and VQA v2

We benchmarked our method against a wide range of representative VQA debiasing
techniques, as summarized in Table 2. Existing approaches can generally be grouped into
several categories: (1) ensemble-based strategies, which explicitly model bias branches or
auxiliary predictors (e.g., AdvReg [13], RUBI [10], LMH [11], GGE [9], GenB [12]); (2) data
augmentation approaches, which aim to modify or enrich training data distributions (CSS [15],
ASL [18], MUTANT [14], Unshuffling [17], KDDAug [16]); (3) self-supervised or contrastive-
learning-based methods, which strengthen multimodal representations by enforcing modality-
level consistency (CSS + CL [21], SSL [20], MMBS [22], LSP [19]); and (4) answer re-ranking
methods, which reorder candidate answers to emphasize visual evidence (GVQA [24],
HINT [23], SCR [48], DLR [26], RMLVQA [25]).

Table 2. The results on VQA-CP v2, VQA-CP v1 test set and VQA v2 validation set are presented in
the following table. All versions compared used UpDn as the base network.

Data Set B CP v2 Test V2 Val CPvl
Method ase All Y/N Num. Other All Y/N Num. Other All
UpDn [31] - 39.96 43.01 12.07 45.82 63.48 81.18 42.14 55.66 36.38
AdvReg [13] UpDn 41.17 65.49 15.48 35.48 62.75 79.84 42.35 55.16 43.43
RUBI [10] UpDn 44.23 67.05 17.48 39.61 - - - - 50.90
LMH [11] UpDn 52.01 72.58 31.12 46.97 56.35 65.06 37.63 54.69 55.27
AdaVQA [49] UpDn 54.67 72.47 53.81 45.58 - - - - 61.20
IntroD [50] CSS 60.17 89.17 46.91 48.62 62.57 78.57 41.42 56.00 -
CF-VQA [29] UpDn 53.55 91.15 13.03 4497 63.54 82.51 43.96 54.30 57.03
GGE [9] UpDn 57.32 87.04 27.75 49.59 59.11 73.27 39.99 54.39 -
D-VQA [7] UpDn 61.91 88.93 52.32 50.39 64.96 82.18 44.05 57.54 -
GGD [27] UpDn 59.37 88.23 38.11 49.82 62.15 79.25 4243 54.66 -
GenB [12] UpDn 59.15 88.03 40.05 49.25 62.74 86.18 43.85 47.03 62.74
ASL [18] UpDn 46.00 58.24 29.49 44.33 - - - - -
CSS [15] UpDn 58.95 84.37 49.42 48.24 59.91 73.25 39.77 55.11 60.95
Mutant [14] UpDn 61.72 88.90 49.68 50.78 62.56 82.07 42.52 53.28 -
Unshuffling [17] UpDn 43.47 47.82 14.35 49.18 43.47 81.99 43.07 55.21 -
SimpleAug [51] UpDn 52.65 66.40 43.43 47.98 64.34 81.97 4391 56.35 -
ECD [52] LMH 59.92 83.23 52.29 49.71 57.38 69.06 35.74 54.25 61.78
KDDAug [16] UpDn 60.24 86.13 55.08 48.08 62.86 80.55 41.05 55.18 -
AttReg [53] UpDn 46.75 66.23 11.94 46.09 64.13 81.72 43.77 56.13 47.66
SSL [20] UpDn 57.59 86.53 29.87 50.03 - - - - -
CSS + CL [21] UpDn 40.49 42.90 12.44 46.93 - - - - -
MMBS [22] UpDn 48.19 65.00 14.05 48.75 63.84 79.61 4423 57.05 -
LSP [19] UpDn 61.95 89.50 52.44 50.12 65.26 82.38 44.77 57.67 -
DM [54] UpDn 61.13 88.13 45.98 51.13 63.53 81.09 39.61 56.52 -
GVQA [24] UpDn 31.30 57.99 13.68 22.14 48.24 72.03 31.17 34.65 39.23
AttAlign [23] UpDn 39.37 43.02 11.89 45.00 63.24 80.99 42.55 55.22 -
HINT [23] UpDn 46.73 67.27 10.61 45.88 63.38 81.18 42.99 55.56 -
SCR [48] UpDn 49.45 72.36 10.93 48.02 62.2 78.8 41.6 54.5 -
DLR [26] UpDn 48.87 70.99 18.72 45.57 57.96 76.82 39.33 48.54 -
LPF [55] UpDn 51.57 87.33 12.25 43.61 62.63 79.51 42.90 55.02 -
CCB [56] UpDn 57.99 86.41 45.63 48.76 60.73 78.37 36.88 53.17 -
Loss-Rescaling [57] UpDn 47.09 68.42 21.71 42.88 55.50 64.22 39.61 53.09 -
RMLVQA [25] UpDn 60.41 89.98 45.96 48.74 59.99 76.68 37.54 53.2 -
LRLGC [28] UpDn 60.91 89.95 45.13 50.03 60.81 77.65 39.25 53.71 -
FD (Ours) UpDI‘l 63.38i0'52 87.013:0.61 54-24i0.78 51~55i0.55 64-33j:0.48 78~53i0.67 61.26i0'g5 57-73i0.59 63.863:0'44

Note: For FD, metrics correspond to the mean =+ standard deviation accumulated across five independent trials
initialized with random seeds {42,123,456,789,1024}. Baseline performance values are directly retrieved from
their original publications, incorporating standard deviations from multiple evaluations when provided. The top-
performing mean scores are highlighted in bold. To determine statistical significance, two-tailed paired t-tests
were executed alongside Bonferroni correction (« = 0.05/K).

We first analyze performance on VQA-CP v2, the most commonly used benchmark
for evaluating model susceptibility to language priors. Our approach achieves the highest
accuracy among all compared methods, improving over the UpDn [31] baseline by ap-
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proximately 24%. Even when compared to recent state-of-the-art models such as DM [54],
GenB [12], D-VQA [7], and RMLVQA [25], our framework consistently delivers competitive
or superior results across all accuracy metrics.

4.3.2. Statistical Significance.

Based on five independent runs, paired t-tests were performed to evaluate FD against
the top-performing baselines. On VQA-CP v2, the performance margin of FD over D-VQA
(63.38% versus 61.91%) was statistically significant, characterized by p < 0.01 and a large
effect size (Cohen’s d = 3.12). Similarly, the gain over GenB (59.15%) was highly significant,
yielding p < 0.001 with a very large effect size (d = 7.80). Multiple testing adjustments
were applied to all pairwise comparisons via Bonferroni correction (¢ = 0.05/K, where K
denotes the total number of comparisons).

It is well known that VQA-CP v2 is manually constructed to emphasize answer-
distribution shifts, and numerous debiasing methods inadvertently overfit to this property,
resulting in weak generalization to other datasets. To examine robustness beyond CP v2, we
further evaluated our method on VQA-CP vl and VQA v2. On CP v1, several contrastive or
counterfactual methods (e.g., CF-based approaches) experienced a degradation of around
6% or more when transferred from CP v2, whereas our method maintained the strongest
performance with minimal drop. Finally, prior studies have highlighted that achieving
high accuracy on CP v2 often comes at the cost of reduced performance on VQA v2.
In contrast, our approach preserved strong in-distribution accuracy on VQA v2 while
simultaneously achieving state-of-the-art results on CP v2, demonstrating both robustness
and balanced generalization.

4.4. Evaluation on Shortcut Bias

VQA-VS Benchmark. Originated as a reconfiguration of VQA-CP v2, VQA-VS [8]
serves as a novel testbed for evaluating debiasing techniques. It explicitly isolates nine
fine-grained shortcuts across language, vision, and multimodal modalities: linguistic biases
comprise QT, KW, KWP, and QT+KW; visual biases include KO and KOP; and cross-modal
biases encapsulate QT + KO, KW + KO, as well as QT + KW + KO. The integration of these
comprehensive shortcut profiles facilitates a more meticulous diagnostic evaluation. We
detail the empirical outcomes of FD on VQA-VS in Table 3, alongside benchmarks from prior
literature such as S-MRL [58], UpDn (+LMH [11], +SSL [20]), BAN [59], and LXMERT [34].

Table 3. Regarding the experimental outcomes of FD on the VQA-VS, we present the relevant
experimental performance reports associated with this dataset. Each column displays the best results
and the second-performing models.

VQA-VS OOD Test Sets

Model Base Language-Based Visual-Based Multimodality Mean
QT KW KWPpP QT + KW KO KOor QT + KO KW + KO QT + KW + KO
S-MRL 27.33 39.80 53.03 51.96 27.74 35.55 4217 50.79 55.47 42.65
UpDn - 32.43 45.10 56.06 55.29 33.39 41.31 46.45 54.29 56.92 46.80
LMH UpDn 33.36 43.97 54.76 53.23 33.72 41.39 46.15 51.14 54.97 45.85
SSL UpDn 31.41 43.97 54.74 53.81 32.45 40.41 45.53 52.89 55.42 45.62
BAN UpDn 33.75 46.64 58.36 57.11 34.56 42.45 47.92 56.26 59.77 48.53
LXMERT 36.46 51.95 64.17 64.22 37.69 46.40 53.54 62.46 67.44 53.70
FD (Ours) UpDn 3445.0¢ 47.97.05s 59331071 6147055  35.75.049 4398.0¢7 48.55.0¢»  58.43.074 6138053 51.42 045

FD achieves the best mean performance (51.42%) among all methods using the
UpDn backbone, demonstrating strong robustness across all nine shortcut types spanning
language-based, visual-based, and multimodality biases. Notably, FD uses the UpDn back-
bone as default for VQA-VS evaluation; results with other backbones (LXMERT, UNITER,
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BLIP) are reported in the backbone generalization study (Table 4). Compared with the
stronger LXMERT backbone (53.70%), FD(UpDn) achieves competitive performance while
using a significantly simpler architecture, highlighting the effectiveness of the debiasing
framework itself rather than reliance on pretrained representations. All FD results are
reported as mean + standard deviation over five independent runs.

Table 4. Ablation on similarity-aware training.

Model Variant In-Domain Out-of-Domain
w /o similarity loss 59.8411 41.7413
w/ similarity loss 61.7409 428410

4.5. Evaluation on VQA-CE

Table 5 presents the results on VQA-CE, which evaluates model sensitivity to subtle
visual manipulations through CounterExamples (hard) and Easy (standard) subsets.

Table 5. Experimental results on VQA-CE. Compared to the best methods, FD demonstrates the best
performance on CounterExamples.

VQA-CE

Model

CounterExamples Easy
UpDn 33.91 76.69
RUBi 32.25 75.03
LMH 34.26 73.13
CSs 34.36 62.08
Genb 34.80 68.15
FD 37.87i0.73 65.77:‘:1.15

On the CounterExamples testbed, FD yields an accuracy of 37.87% =+ 0.73%, estab-
lishing a clear lead over existing baselines such as GenB (34.80%) and CSS (34.36%). This
performance margin of 3.07 percentage points confirms that our fuzzing-driven framework
effectively sharpens the model’s awareness of subtle visual variances, thereby compelling
it to leverage authentic visual reasoning instead of exploiting textual heuristics.

However, on the Easy subset, FD achieves 65.77% =+ 1.15%, which is lower than the
UpDn baseline (76.69%). This 10.92 percentage point degradation represents a known
trade-off in debiasing research: methods that reduce reliance on language priors may
underperform on samples where language priors provide strong and correct cues. We argue
that in practical VQA deployments requiring genuine visual understanding, the trade-off on
the Easy subset must be evaluated through the lens of causal grounding versus associative
correlation. Harmful statistical shortcuts are defined as correlation paths that circumvent
the visual channel, whereas beneficial commonsense knowledge leverages visual grounding
to validate semantic associations. The FD framework dynamically distinguishes between
them by testing the model’s sensitivity to counterfactual perturbations: if a high-confidence
prediction on an Easy sample is rooted in genuine visual commonsense, the counterfactual
probe synthesized by PTG (which disrupts the visual or textual manifold independently)
triggers a logical adaptation in the model’s prediction, resulting in AC; < 0 and bypassing
the gradient penalty. However, when a prediction is driven purely by blind linguistic
priors, the model remains rigidly over-confident on fuzzed inputs (AC; > 0), triggering
the reflection mechanism. The confidence gating threshold 6., = 0.6 acts as an analytical
buffer, preventing gradient correction when logits fall below the certainty threshold, thereby
safeguarding benign priors.
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To further characterize the nature of the failed Easy samples, we isolated the subset of
VQA-CE Easy instances where the UpDn baseline predicted correctly but our FD model
failed and fed their text tokens exclusively into a Question-Only (language-only) model
trained without visual features. We found that 84.6% of these “FD-failed but UpDn-correct”
Easy instances could be answered by the language-only baseline without accessing the
image at all (e.g., “What color is the grass?” — “green” via pure text-prior distribution).
While this statistic may appear to indicate over-correction, it is precisely these language-
only-answerable samples that the differential probing mechanism flags as bias-dominated:
on these samples, the counterfactual probe synthesized by PTG (e.g., altering the image
while preserving the question) yields AC; > 0, confirming that the model’s prediction is
driven by linguistic priors rather than visual evidence. The reflection mechanism therefore
acts as a deliberate, non-indiscriminate rejection of shortcut-reliant predictions, rather than
a failure of visual reasoning capacity.

To empirically verify that the differential probing mechanism correctly distinguished
harmful shortcuts from benign priors on the Easy subset, we conducted a targeted AC;
distribution analysis. Table 6 reports the distribution of AC; on Easy samples, stratified by
whether FD’s final prediction was correct or incorrect.

Table 6. Distribution of AC; on the VQA-CE Easy test set, stratified by FD prediction correctness.
AC; > 0 triggers the reflection mechanism; AC; < 0 bypasses it.

Easy Subset Partition =~ Samples  AC; < 0 (Bypass, %)  AC; > 0 (Corrected, %)

FD correct 3288 78.3% 21.7%
FD incorrect 1712 27.1% 72.9%

The distribution reveals a clear and statistically significant separation (Fisher’s exact
test, p < 0.001; odds ratio = 9.71). Among FD-correct Easy samples, 78.3% exhibit AC; < 0,
confirming that the gradient penalty is correctly bypassed for predictions rooted in genuine
visual commonsense. In contrast, 72.9% of FD-incorrect samples trigger AC; > 0, indicating
that the reflection mechanism selectively intervenes on predictions dominated by linguistic
shortcuts. The remaining 27.1% of FD-incorrect samples that bypass correction (AC; < 0)
correspond to genuinely challenging instances where the model is uncertain rather than
over-confident—a pattern consistent with epistemic uncertainty rather than systematic bias.
This empirical distribution directly supports our claim that AC; coupled with confidence
gating discriminates harmful statistical shortcuts from benign commonsense priors on a
per-sample basis.

To rigorously analyze whether this degradation stems from cognitive capacity failure
or an active, non-opportunistic refusal of shortcuts, we performed a deep representation
audit on these failed Easy instances. First, we tracked the internal visual attention distri-
bution on these disputed samples. As reported in Table 7, our FD framework yielded an
Attention Hit Rate (HR) of 66.97% (a +24.82% absolute gain over the UpDn baseline). This
proves that the FD model actively aligns its visual features with question-relevant targets,
rather than relying on diffuse language-prior shortcuts.

Easy-Counter Trade-off Quantification. To contextualize the Easy subset degradation,
we define the Trade-off Ratio: TR = Acounter/ | AEasy|, Where Acounter is the accuracy gain
on CounterExamples and |AEaSy| is the accuracy loss on Easy (relative to UpDn). FD
achieves TR = 0.64 (Acounter = +3.96 pp, |Apasy| = 10.92 pp), meaning each percentage
point gained on CounterExamples costs approximately 1.54 points on Easy. This ratio
is substantially more favorable than other debiasing methods: CSS shows TR = 0.02
(minimal Counter gain with large Easy loss of 14.61 pp), and GenB shows TR = 0.16.
FD achieves the most favorable trade-off among debiasing methods while delivering the
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highest CounterExamples accuracy, demonstrating that the differential probing mechanism
effectively limits collateral damage on benign priors compared to prior approaches.

Second, our bi-directional masking control experiment (Table 8) provides comple-
mentary evidence from two directions. (1) Target masking: masking the object corre-
sponding to the correct answer causes FD’s accuracy to drop by 23.47 pp (63.38% —
39.91%), whereas UpDn drops only 3.24 pp (39.96% — 36.72%). While target mask-
ing alone cannot distinguish causal reasoning from statistical co-occurrence, it con-
firms that FD relies on visual target features rather than ignoring the image entirely.
(2) Background masking: masking non-answer co-occurring background elements (e.g., roads,
skies) causes UpDn to drop 18.4%, exposing its reliance on spurious background—-answer
co-occurrences. In contrast, FD drops only 2.1%, demonstrating that its predictions are
anchored to the target object itself rather than contextual shortcuts. The combination
of high target sensitivity and low background sensitivity provides bi-directional evi-
dence that FD has learned target-anchored visual dependencies rather than statistical
co-occurrence patterns.

Table 7. Ablation on label construction strategies for fuzzing samples. Results on VQA-CP v2 test set.
1T means higher values indicate better performance.

Model Variant Attention Hit Rate (HR, %) T Bounding Box Energy Ratio (%) 1
UpDn Baseline 42.15 38.44
Css 49.33 44.12
MUTANT 52.07 48.56
FD Framework (Ours) 66.97 61.38

Table 8. VQA-CP v2 accuracy drops under target masking versus non-answer co-occurring back-
ground masking.

. Original Masking Target Masking Co-Occur.
Model Variant Acc (%) (Acc %) Background (Acc %)
UpDn Baseline 39.96 36.72 32.61 (—18.4% drop)
MUTANT 61.72 48.25 54.12 (—12.3% drop)
FD(Ours) 63.38 39.91 62.05 (—2.1% drop)

4.6. GQA-OOD Performance
Table 9 demonstrates the generalization capability of our method on long-

tailed distributions.

Table 9. Experimental results on GQA-OOD. Compared to the best methods, FD achieves the best
performance on GQA-OOD.

GQA-OOD Test

Model -

All Tail Head
UpDn 46.87 42.13 49.16
RUBI 45.85 43.37 47.37
LMH 43.96 40.73 45.93
CSS 4424 41.20 46.11
Genb 4943 45.63 51.76
FD 54.47 1 0.62 50.8910.78 56.6640.55

4.7. Generative VQA Results
Table 10 compares our approach against the VL-BART generative baseline.
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Table 10. VL-BART generative VQA results on Karpathy split.

Method In-Domain Out-of-Domain
VL-BART baseline 58.2 419
Ours 61.7 42.8

4.8. Ablation Studies
4.8.1. Effect of Similarity-Aware Optimization

To investigate the impact of the similarity-aware optimization, we compared the model
performance with and without the semantic similarity constraint. As shown in Table 4,
incorporating the similarity loss yields a consistent improvement, boosting in-domain
accuracy from 59.8% to 61.7% and out-of-domain accuracy from 41.7% to 42.8%. This
confirms that explicitly minimizing the semantic discrepancy during training helps the
model align better with human-annotated answers, reducing the gap between generated
tokens and ground-truth labels.

4.8.2. Effect of Visual Hint Prompts

We further investigated the impact of directly integrating visual features into the
prompt templates. As indicated in Table 11, injecting visual hints leads to a substantial
performance boost. Specifically, the configuration equipped with visual hints delivers 62.0%
and 43.0% accuracy on in-domain and out-of-domain distributions, respectively, surpassing
its ablation counterpart. This trend verifies that visual hint prompts successfully steer
the network toward a more robust utilization of visual context during inference, thereby
mitigating an exclusive reliance on textual shortcuts.

Table 11. Effect of visual hint prompts.

Model Variant In-Domain Out-of-Domain
w/o hint 60.141 41.541 4
w/ visual hint 62.0408 43.0411

4.8.3. Effect of Template Structure

The design of the prompt template plays a crucial role in prompt-based learning.
Table 12 presents a comparison of different template strategies. The fixed hard template
yields the lowest accuracy of 59.8%, while using natural paraphrased templates improves
performance to 61.1%, indicating the benefit of linguistic diversity. However, our proposed
structured task-aware template achieves the highest accuracy of 63.0%, demonstrating that
a carefully designed prompt that aligns with the pretraining objective and task structure
captures multimodal relationships most effectively.

Table 12. Comparison across prompt template types.

Template Type Accuracy
Fixed hard template 59.8413
Natural paraphrased template 61.1419
Structured task-aware template (ours) 63.040.7

4.8.4. Backbone Generalization

To verify the generalizability of our framework, we integrated it into diverse back-
bone architectures, encompassing conventional VQA networks as well as advanced
vision-language pretrained paradigms. Table 13 details the empirical outcomes, illus-
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trating that our approach yields consistent and substantial gains across all tested backbones
on the VQA-CP v2 dataset. Specifically, the UpDn baseline experiences a remarkable
surge from 39.7% to 63.4%, and the powerful pretrained BLIP model also exhibits a no-
table increment from 51.0% to 63.5%. These findings validate that our prompt-driven
debiasing mechanism is model-agnostic, demonstrating robust bias-mitigation capabilities
irrespective of the underlying model architecture.

Table 13. Generalization across backbone models. Accuracy on VQA-CP v2.

Backbone Baseline +Ours
UpDn 39'7i0.8 63.4i0.5
SAN 379409 58.2407
BAN 423107 61.1406
LXMERT 46.1406 59.8.408
UNITER 477405 60.9106
BLIP 51.0404 63.5405

4.8.5. Bias Component Analysis

We employed the proposed Bias Fairness Evaluation (BFE) metric to quantitatively
analyze the reduction in specific bias components: language, visual, and cross-modal bias.
Table 14 compares our method against the UpDn baseline and state-of-the-art debiasing
methods (CSS, MUTANT). Our approach achieves the lowest scores across all bias cate-
gories (0.188 for language, 0.201 for visual, and 0.244 for cross-modal bias), significantly
outperforming the baselines. This indicates that our fuzzing-based correction mechanism
effectively identifies and suppresses spurious correlations from multiple modalities, rather
than focusing solely on language priors.

Table 14. Bias component analysis using BFE. | means lower values indicate better debiasing

performance.
Method Lang Bias | Vis Bias | Cross-Modal Bias |
UpDn 0-312i0.018 0.281i0.015 0-334i0.021
MUTANT 0.22119 012 0.237 £0.014 0.28310.016
Ours 0.188i0.009 0.201:5:0‘011 0.244:&)'013

4.8.6. CGD Evaluation

Finally, the visual grounding proficiency of the models was quantified via the CGD
metric, where elevated scores reflect a stronger dependency on visual evidence. As docu-
mented in Table 15, our prompt-debias scheme yields a CGD score of 0.322, establishing
a distinct upper hand over the UpDn baseline (0.214) as well as alternative advanced
configurations like CSS (0.263) and MUTANT (0.277). This marked improvement implies
that our generative prompt architecture constrains the network to focus more intensely on
question-relevant image regions, thereby mitigating superficial hallucinations driven by
linguistic biases.

4.8.7. Label Construction Strategy Ablation

We compared five label construction strategies for PTG-generated samples to validate
the theoretical justification of our a; = |1 —y;| design. As shown in Table 1, the inverse prob-
ability weighting strategy with confidence gating achieves the best overall performance.

Strategy (d)—inverse probability weighting with confidence gating (6.ons = 0.6)—achieves
the highest accuracy (63.45%) and lowest BFE (0.188), validating the theoretical framework
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presented in Section 3.5.1. The random flip strategy (c) performs the worst, confirming that
unsupervised label perturbation introduces harmful noise rather than constructive debiasing
signals. The original |1 — y;| strategy (a) provides a strong baseline, while the confidence gating
in (d) further reduces noise from uncertain predictions.

Table 15. Comparison using CGD metric (higher = better visual usage).

Method CGD

UpDn 0.21410.019
RUBI 0.25140.017
CSS 0.26310.015
MUTANT 0.277 10.013
Ours (Prompt-debias) 0.32210.011

4.8.8. False Positive Rate Analysis with Attention-Grounded Cross-Validation

To empirically verify Proposition 1—that the differential BFE mechanism AC; correctly
distinguishes harmful language shortcuts from valid visual reasoning—we measured the
False Positive Rate (FPR) of the reflection mechanism on the VQA-CP v2 test set.

Standard FPR Definition

The FPR is defined as the fraction of correctly predicted samples where the re-
flection mechanism is incorrectly triggered (AC; > 0 despite the model producing the
correct answer):
|{i : pred(y;) = af N AC; > 0}|

[{i:pred(y;) =aj}| '

where a is the ground-truth answer, and pred(y;) denotes the model’s predicted answer.

FPRyq = (28)

We acknowledge a limitation of this definition: correctness of prediction (pred(y;) = a})
does not guarantee that the prediction was arrived at through genuine visual reasoning.
A model relying on language shortcuts may still produce the correct answer by coincidence
(e.g., “What color is the sky?” — “blue”). Such cases would be misclassified as “false
positives” under the standard definition when they are in fact true positives (correctly
identified shortcut reliance). To address this, we introduce a stricter definition below.

Attention-Grounded FPR (FPRattn)

Following the attention analysis methodology established in Table 5 (Attention Hit
Rate), we define a sample as “visually grounded” if the model’s spatial attention map
(extracted from the final multi-head self-attention layer) has an Intersection-over-Union
IoU > 0.3 with the ground-truth bounding box of the answer-relevant object/region.
The attention-grounded FPR is then:

{i - pred(y;) = aF A AC; >0 A ToU(Atin;, GT_BB;) > 0.3} |
FPRagn = , . . (29)
|{i : pred(y;) = a} A IoU(Attn;, GT_BB;) > 0.3}

which counts only those false positives where the model was demonstrably attending to the
correct visual region, i.e., cases where the correction most likely harmed genuine reasoning.

As shown in Table 16, out of 2847 correctly predicted samples, the reflection mecha-
nism was incorrectly triggered on only 91 instances, yielding an FPRg4 of 3.20% (95% CI:
[2.57%, 3.83%]). Among these 91 triggered samples, only 41 were also “visually grounded”
(attention IoU > 0.3), yielding an even lower FPRatn of 1.86% (95% CI: [1.32%, 2.40%]). This
two-tier analysis confirms Proposition 1 at two levels of stringency: the standard FPR shows
that the mechanism rarely triggers on correct answers overall, and the attention-grounded
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FPR shows that among cases where we can verify the model was genuinely using visual
reasoning, the false positive rate is halved.

Table 16. False positive rate analysis of the reflection mechanism on the VQA-CP v2 test set. Standard
FPR counts all correctly answered triggered samples; attention-grounded FPR counts only those
where the model’s attention correctly covered the ground-truth answer-relevant region.

Metric Value 95% CI
Total correct predictions 2847 —
Visually grounded correct predictions 2201 —
Correctly identified (no trigger, AC; < 0) 2756 —
Incorrectly triggered (AC; > 0), of which: 91 —
Attention-grounded 41 —
Non-attention-grounded 50 —
FPRgq 3.20% [2.57%, 3.83%]
FPRattn 1.86% [1.32%, 2.40%]

The 41 attention-grounded false positives were further analyzed: Thirty-two involved
samples where the question type heavily overlapped with strong commonsense priors
(e.g., “What color is the sky?” — “blue”), representing the known limitation of fuzzy
boundary between harmful shortcuts and benign priors (discussed in the Limitations
section). The remaining nine cases involved rare answer categories where the model’s
confidence was marginal, and the confidence gating mechanism (6., = 0.6) was close to
the activation boundary.

PTG Visual Evidence Removal Validation

To provide direct empirical support for the assumption underlying Proposition 1—that
PTG fuzzed probes indeed remove or weaken task-critical visual evidence—we computed
the cosine similarity between GradCAM-extracted answer-relevant visual features on
original and fuzzed image pairs:

, n o i fi)
el f) = TR 0
where f; = GradCAM(v;, q;,a;) is the feature vector extracted from the original image
(vi,q;) for answer a;, and f/ = GradCAM(v,, q!,a}) is the corresponding feature vector
from the fuzzed probe (v}, q}).

As shown in Table 17, the feature similarity in answer-relevant regions drops signifi-
cantly from 0.82 £ 0.11 (original-original baseline) to 0.34 & 0.15 (original-fuzzed), while
background regions remain highly similar (0.78 & 0.09). This selective degradation of
answer-relevant features confirms that PTG probes systematically weaken the visual evi-
dence supporting the original answer, validating the key premise of Proposition 1.

Table 17. Target-region feature similarity between original images and PTG fuzzed probes on the
VQA-CP v2 test set (n = 500 randomly sampled pairs). Lower similarity indicates greater visual
evidence removal by PTG. “—" denotes not applicable.

Region Mean Cosine Sim. Std
Answer-relevant (GradCAM-localized) 0.34 0.15
Non-answer background regions 0.78 0.09
Similarity drop (answer-relevant) —0.48 —
Paired t-test p-value <0.001 —
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4.8.9. Lyapunov Condition Verification

To empirically verify that the Lyapunov descent condition held throughout training
under the A; warmup schedule (without any mid-training parameter adaptation), we
monitored the Lyapunov condition ratio R; (Equation (18)) across all 40 training epochs on
VQA-CP v2. Recall that R; < 1 is the necessary and sufficient condition for the Lyapunov
descent V(6;,1) — V(6) < 0.

As shown in Table 18, R; remains consistently below one throughout the entire training
trajectory, with a global maximum of Ri"® = 0.67 observed during epoch 3 (the transition
from warmup to full A). The Ay warmup schedule keeps R; well below 0.31 during the
first five epochs After warmup, R; stabilizes around 0.38-0.42 as gradient norms grow
sufficiently large to naturally dominate the perturbation term. Throughout all 40 epochs,
no intervention (adaptive safety valve or otherwise) was applied; the warmup schedule
alone maintained R; < 1 at every training step. These results confirm that the closed-loop
convergence is not a mere post hoc observation but an invariant actively maintained by an
a priori designed warmup schedule, with R; serving as post hoc empirical corroboration.

Table 18. Lyapunov condition ratio R; statistics across training epochs on VQA-CP v2. The condition
R¢ < 1holds throughout, confirming that the A; warmup schedule alone suffices to maintain system
stability. R; is monitored as a diagnostic metric; no adaptive safety valve (parameter modification)

is applied.
Training Phase Mean R; Max Ry
Warmup (Epochs 1-5) 0.18 0.31
Post-warmup (Epochs 6-15) 0.42 0.67
Stable (Epochs 16-40) 0.38 0.52
Overall (Epochs 1-40) 0.35 0.67

4.8.10. Hyperparameter Sensitivity Analysis

We analyzed the sensitivity of FD to the key hyperparameters A; (bias-aware loss
weight) and A, (semantic similarity loss weight). Table 19 reports VQA-CP v2 accuracy
across the hyperparameter grid.

Table 19. Hyperparameter sensitivity analysis for A} and A, on VQA-CP v2.

A
Az
0.1 0.3 0.5 0.7 1.0
0.5 61.82 62.45 63.01 62.78 61.95
1.0 62.14 63.12 63.38 63.05 62.21
1.5 61.95 62.88 63.15 62.82 61.74
2.0 61.53 62.34 62.92 62.51 61.28

The results demonstrate that FD is robust across a broad range of hyperparameter
values. Performance remains within 2.1 percentage points (61.28-63.38%) across the entire
grid. The optimal configuration is A; = 0.5, A, = 1.0, achieving 63.38%. When A; is too
small (0.1), bias correction is insufficient (BFE increases to 0.278); when A; is too large (1.0),
training becomes unstable, dropping accuracy by approximately 1.4 percentage points from
the optimum. The framework maintains strong performance within Ay € [0.3,0.7] and
A € [0.5,1.5], indicating good practical usability without extensive per-dataset tuning.

https://doi.org/10.3390 /mti10080082


https://doi.org/10.3390/mti10080082

Multimodal Technol. Interact. 2026, 10, 82 28 of 32

5. Conclusions

In this paper, we investigated the problem of multimodal bias in Visual Question An-
swering and proposed a unified debiasing framework that integrates prompt-based learn-
ing with a fuzzing-inspired evaluation mechanism. Unlike existing approaches that embed
debiasing solely in the training stage—thereby leaving models susceptible to residual
biases once training is finalized—our framework incorporates training-time interventions
through fuzzing-based bias detection and correction, which yield inference-time robust-
ness without requiring any additional components during testing. All fuzzing-related
modules, including PTG, bias detection, and the reflection mechanism, are exclusively
active during training; at inference, only the prompt-based VQA model with debiased
parameters is used. Drawing inspiration from fuzzing techniques in software engineering,
we introduced automatically generated atypical samples during training to probe model
robustness, together with a bias assessment metric quantifying the influence of spurious
correlations in model predictions. This design enables the model to dynamically adjust
and mitigate bias throughout the training process, producing a final model that exhibits
reduced susceptibility to multimodal shortcuts during inference.

To align VQA reasoning more closely with human cognitive patterns, we addition-
ally adopted a prompt-learning formulation. By converting traditional question-answer
pairs into cloze-style templates and fine-tuning large vision-language models without
altering their core architectures, we allowed the model to exploit the expressive capacity
of pretrained language priors while reducing the reliance on dataset-specific shortcuts.
Furthermore, we showed that generative prompting not only improved interpretability but
also enhanced performance across multiple VQA benchmarks.

Thorough evaluations across multiple debiasing benchmarks and large-scale VLMs val-
idated the efficacy and broad applicability of our methodology. The introduced framework
mitigates vulnerability to multimodal shortcuts, bolsters out-of-distribution generalizability,
and provides a versatile architecture compatible with both classic VQA systems and contem-
porary foundation vision-language models. The integration of prompt-driven reasoning
and dynamic bias assessment establishes a promising pathway for subsequent investiga-
tions into trustworthy, generalizable, and human-aligned visual question answering.

Limitations and Future Work

Despite the strong performance of FD across multiple benchmarks, several limitations
warrant discussion. First, as analyzed in Section 4.5, FD exhibits a performance degradation
on the Easy subset of VQA-CE (65.77% vs. 76.69% for UpDn). While the differential probing
mechanism (AC;) provides a theoretically grounded discrimination signal (Proposition 1,
Section 3.5.2), empirically validated by a standard false positive rate of 3.20% and an
attention-grounded false positive rate of merely 1.86% on correctly predicted samples
(Section 4.8.7), and the confidence gating (6.ons = 0.6) further constrains the operating
range, the boundary between harmful shortcuts and benign commonsense priors remains
fuzzy for samples where valid visual evidence and language priors converge (e.g., “What
color is the grass?” — “green”). For such samples, the reflection mechanism may still
apply correction to predictions that are correct but heavily language-prior-driven. Future
work could explore adaptive bias thresholds that modulate correction intensity based on
the estimated strength of language priors in each sample, potentially recovering the Easy
subset performance without sacrificing the CounterExamples gains. Second, the added
debiasing components—the Prompt-engineered Test Generation (PTG) module, the Bias
Fairness Evaluation (BFE) metric computation, and the reflection mechanism—introduce
additional parameters and training computation, though we note that these components
are lightweight relative to the backbone. The PTG module requires a GPT-2-medium
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generator and a StyleGAN2-ADA-based visual feature generator, which add inference
overhead during training. Exploring more parameter-efficient implementations, such as
adapter-based debiasing or knowledge distillation from debiased models, represents a
promising direction. Third, while FD demonstrates strong performance on established
OOD benchmarks, its effectiveness on more diverse real-world distribution shifts—such as
those encountered in cultural heritage scenarios or medical imaging—remains to be vali-
dated. Finally, extending the prompt-driven fuzzing paradigm to other multimodal tasks
beyond VQA, such as image captioning or visual entailment, could further demonstrate
the generality of our approach.
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