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Abstract

In the context of Visual Question Answering (VQA) and
Agentic Al calibration refers to how closely an Al system’s
confidence in its answers reflects their actual correctness.
While modern VQA systems, powered by advanced vision-
language models (VLMs), are increasingly used in high-
stakes domains like medical diagnostics and autonomous
navigation due to their improved accuracy, the reliability of
their confidence estimates remains under-examined. Particu-
larly, these systems often produce overconfident responses.
To address this, we introduce AlignVQA, a debate-based
multi-agent framework, in which diverse specialized VLM —
each following distinct prompting strategies — generate candi-
date answers and then engage in two-stage interaction: gen-
eralist agents critique, refine and aggregate these proposals.
Furthermore, we introduce a novel differentiable calibration-
aware loss function called AlignCal designed to fine-tune the
specialized agents by minimizing an upper bound on the cal-
ibration error. This objective explicitly improves the fidelity
of each agent’s confidence estimates. Empirical results across
multiple benchmark VQA datasets substantiate the efficacy
of our approach, demonstrating substantial reductions in cal-
ibration discrepancies.

Introduction

Visual Question Answering (VQA) is a foundational task
in multimodal artificial intelligence that requires models to
jointly process visual content and natural language to gener-
ate accurate answers to open-ended questions about images.
First introduced to connect vision and language for goal-
oriented reasoning (Antol et al. 2015), VQA has evolved
into a benchmark for evaluating systems’ abilities in com-
positional reasoning, visual grounding, and language under-
standing (Agrawal et al. 2016).

Agentic architectures for VQA: Recent advancements in
VQA have embraced agentic architectures, where multiple
interacting agents collaboratively solve complex visual rea-
soning tasks. For instance, Jiang et al. (Jiang et al. 2024)
introduced a zero-shot multi-agent system with specialized
experts coordinated adaptively. Hu et al. (Hu et al. 2024)
proposed a team of LLM-based agents with tool access,
whose outputs are aggregated via voting. Wang et al. (Wang
et al. 2023a) designed explainable agents with dedicated
roles (Responder, Seeker, Integrator) that operate in a top-
down reasoning loop.

Need for Calibration in VQA: Due to its practical rele-
vance, VQA is increasingly being deployed in high-stake
real-world domains such as medical diagnosis (Lin et al.
2023; Zhou et al. 2023; Canepa, Singh, and Sowmya 2023),
autonomous navigation (Qian et al. 2024; Sima et al. 2025;
Marcu et al. 2024; Atakishiyev et al. 2023), and assistive
technologies for the visually impaired (Gurari et al. 2018;
Chanana et al. 2017). In these settings, it is not only essential
for VQA systems to be accurate, but also to be calibrated.
A model is said to be calibrated if it’s confidence matches
the probablity of occurance (Guo et al. 2017). A calibrated
model knows when to trust their predictions. Uncalibrated
VOAmodels pose serious safety threats. For example, an in-
correct but overconfident answer in a medical application
can mislead clinicians, while a misjudged scene description
in autonomous driving could lead to hazardous decisions.
Calibration in SOTA VQA architectures: Several recent
works have attempted to improve VQA calibration. White-
head et al. (Whitehead et al. 2022) proposed a selective an-
swering strategy where the model abstains when it is un-
sure. Mozaffari et al.’s GLEN framework (Mozaffari, Sap-
kota, and Yu 2025) introduced a combination of model sim-
plification and focal loss to enhance calibration. IVON by
Wieczorek et al. (Wieczorek et al. 2025) leveraged Bayesian
variational fine-tuning to capture model uncertainty through
posterior weight distributions.

Humans rarely make decisions in isolation—opinions
evolve through discussion, critique, and consensus. Inspired
by this; we introduce AlignVQA, a calibration method for
MCQ VQA that draws on human-like deliberation through
a structured multi-agent debate. Specialized agents pro-
duce initial answers, while generalist agents critique, re-
vise, and update both predictions and confidences via itera-
tive argument exchange; final decisions are aggregated by a
confidence-aware mechanism to enhance robustness and cal-
ibration. Complementing this framework, we propose Align-
Cal, a differentiable calibration-aware loss that serves as a
surrogate for minimizing an upper bound on miscalibration,
jointly optimizing correctness and confidence.

Related Works

The common calibration techniques used in classification
tasks include:(1.) Train-time Calibration methods aim
to improve confidence estimates during the training phase
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Figure 1: AlignVQA Multi-Agent Calibration Model. Given an input image and question, the model first queries a set
of specialized agents—Chain-of-Thought (Wei et al. 2022), Search-Augmented, SelfAsk (Press et al. 2022), and GENREAD
Knowledge-based (Yu et al. 2022) models—each fine-tuned for calibration using our custom proposed loss AlignCal . These
agents independently produce answer classes (e.g., A: cardinalfish, B: black howler). In the second stage, a group of general
agents is instantiated, with each agent probabilistically initialized to a specific answer class based on the distribution of predic-

tions from the specialized agents.

by modifying the loss function. These methods generally
smooth confidence scores in a sample-agnostic manner—
applying regularization uniformly across samples. (2.) Post-
hoc Calibration Post-hoc calibration methods adjust a fully
trained model’s confidence scores using a separate hold-out
set.

Multi-Agent Calibration in LLM: Collaborative Calibra-
tion (Yang et al. 2024) was introduced as a multi-agent de-
liberation framework where agents share their predictions,
confidence estimates, and the reasoning steps to engage in a
simulated group dialogue. Calibration in VQA Utilizing a
popular strategy of using consistency among samples to esti-
mate confidence, FEisenschlos et al. (Eisenschlos et al. 2024)
introduced a method for improving the reliability of visual
question answering (VQA) models.

Multi-Agent approaches in VQA tasks Wang et al. (Wang
et al. 2023b) proposed a multi-agent architecture for VQA
that draws inspiration from the human process of top-down
reasoning—where individuals leverage prior knowledge and
contextual cues to infer new information (e.g., predicting
rain from observing cloudy skies). While the paper does not
address calibration, its multi-agent framework can enhance
answer reliability via improved confidence estimates. To our
knowledge, no prior work leverages multi-agent methods for
calibration in VQA.

Proposed Methodology
Agent Ensemble and Stance Generation

Given an input image-question pair (for example, “Iden-
tify the type of fish in the picture” (c.f. Fig. 1), we first
generate candidate answers from a diverse set of specal-
ized expert agents. Each agent is created with a differ-
ent VLM backbone — Qwen2.5-VL-3B-Instruct (Bai et al.
2025), Llava-Onevision(Li et al. 2024), Gemma 3 4B (Team

et al. 2025) and Phi-4-multimodal-instruct (Abouelenin et al.
2025) — and a distinct prompting strategy to encourage
diverse reasoning. ! Specifically, we employ: Chain-of-
Thought prompting (Wei et al. 2022) for multi-hop reason-
ing, Self-Ask prompting (Press et al. 2022) for recursive
problem decomposition, Search-style prompting startegy to
incorporate external retrieval cues and the GENREAD style
prompting (Yu et al. 2022) for structured comprehension.
Each expert agent ¢ (independently) produces an output
v; = (Ui, pi), where y; is the answer string and p; is its se-
quence probability. We infer the confidence of the sequence
through the geometric mean of probabilities of next-tokens
generated. This serves as the initial confidence estimation
for a candidate answer of a particular agent. We merge lexi-
cally different but semantically equivalent answers into K
unique stances {si,...,sx} (K < N) using a GPT-3.5
judge (Tian et al. 2023). For each stance s;, we define,

o _ 1
Ip={i: gi=su},  fo=|Tkl Cka—ZCi,
k 1€Ly,
where I}, is the index set, fj is frequency of stance sy and ¢;
is the sequence probability of answer <.

Illustrated Failure Case. As illustrated in Fig. 1, in the
first stage, three agents each give the answer cardinal fish
with confidence scores of 0.85, 0.70, and 0.95, producing
an average confidence of 0.83 for that stance, while a fourth
agent answers black howler with confidence 0.90. A major-
ity confidence based system would adopt black howler as
the consensus after the first stage, despite it being incorrect
and lacking group support. Stage 2, is designed to revisit
and refine such consensus through deliberation and counter
argumentation.

'This agentic framework is model agnostic, any set of VLM
backbones can be substituted in place of those used here.



| VQARad Dataset | ScienceQA Dataset
Architecture | TAcc. 1F:1 1Prec. TRec. JACE |ECE LMCE| TAcc. 1F; 1Prec. TRec. |JACE |ECE |MCE
Agentic Framework | 65.70% 0.540 0.554 0.544 0.133 0.146 0.820 | 72.80% 0.340 0.346 0.328 0.265 0270 0.438
Post-Hoc Calibration
Agentic + TS 65.70% 0.540 0.554 0.544 0.114 0.117 0.765 | 72.80% 0.340 0.346 0.328 0.255 0.268 0.421
Agentic + DC 65.70% 0.540 0.554 0.554 0.097 0.041 0.113 | 72.80% 0.340 0.346 0.328 - - -
Train-Time Calib.
Agentic + FL 68.50% 0.571 0.542 0.605 0.116 0.073 0.393 | 74.40% 0.424 0.480 0.381 0.142 0.180 0.678
Agentic + LS 67.70% 0.650 0.652 0.650 0.175 0.183 0.543 |75.20% 0.467 0.532 0.424 0.186 0.186 0.916
Proposed Method
Agentic+AlignCal +FL | 68.20% 0.548 0.517 0.583 0.095 0.098 0.267 |76.10% 0.472 0.540 0.418 0.110 0.055 0.331

Table 1: Comprehensive comparison of calibration strategies across VQARad and ScienceQA datasets. Bold values indicate best
performance for each metric within each dataset, underlined values indicate second-best performance. The proposed method
(Agentic + AlignCal + FL) demonstrates superior calibration performance with competitive accuracy across both datasets. It is
not possible to perform Dirchelet Calibration in the case of ScienceQA Dataset due to the unavailability of the probabilities of

other options.

Group Debate with Rationale and Feedback

The second stage introduces a set of generalist delibera-
tion agents (no specialized prompting) whose role is to crit-
ically examine, defend and revise the candidate stances pro-
duced in Stage 1, forming a structured debate ensemble. To
maintain the prior group consensus while allowing contrar-
ian exploration, each generalist agent j is assigned a stance
s; by sampling proportionally to the frequencies fy, i.e.,
Pr(s; = sg) o fi. This maintains a soft bias towards ma-
jority supported views while still allowing minority stances
to be reconsidered.

Each agent then argues for its stance by exploring diverse
reasoning and developing rationales for defending it. Each
reasoning path is unique and develops an ensemble of ratio-
nales for a particular stance. Agents then provide ratings and
feedback to each rationale in terms of logical consistency,
factuality, clarity and conciseness. Specifically, Chain-of-
Verification style prompting (Dhuliawala et al. 2024) is used
to check the factuality by generating underlying premises or
assumptions. These premises are then further checked with
a search augmented agent to identify unfactual statements in
the feedback.

Each general agent then receives a pair of arguments
one sampled from the set of supporting arguments and one
sampled from one of the opposing sides to form a debate
pair. This mirrors two-sided deliberation paradigms in multi-
agent reasoning and debate systems. Based on these argu-
ments, each agent produces a final answer that incorpo-
rates the provided opposing argument, supporting argument
and its previously assigned stance. Thus, the final answer is
given by y = f;(s;,¢j,ap,a,), where a,, a,, are the sup-
porting and opposing arguments with ratings and feedback,
and s;, ¢; is the initial stance with its associated confidence
assigned to agent 5. We also record the sequence probability
of each agent’s final response y;-, which serves as the refined
confidence score Conf(y).

After collecting refined outputs {(y}, Conf(y}))}}Z; from
M generalist agents, we aggregate in two steps. First, for

each stance sy, define the agent index set Z, = {j | y; =

sk }. set fi = |Z;|. and compute the mean refined confi-
dence )
& = = Y Conf(y}).
|Ik| . ’
JET,
The final answer is selected by majority vote:
* — /. l
s arg, _max Ik (1

The final confidence is the mean confidence of the agents
supporting the chosen stance. This aggregation yields a bet-
ter indication of prediction, by weighing different arguments
through deliberation. To further improve calibration, we in-
troduce the following loss.

Calibration Aware Finetuning

Our system can benefit from better calibrated VLMs. There-
fore, we introduce a novel surrogate loss function that di-
rectly minimizes a tight upper bound on miscalibration dur-
ing training, thereby avoiding the pitfalls of post-hoc fixes.
Classical metrics like ECE average confidence—accuracy
gaps over broad bins so they often fail to estimate the relia-
bility of a single test example. UBCE(Zhong et al. 2025) was
proposed to overcomes this and capture per-instance miscal-
ibration by averaging absolute gaps between confidence and
correctness. We minimize a differentiable plug-in surrogate
of UBCE, directly shrinking these gaps and thereby reduc-
ing ECE and improving MCE.

Our loss function AlignCal: Formally, given softmax
outputs p = (p1,...,px) with logits z;, true label y, top
predicted confidence py,.x = max; p; and predicted ground
truth class probability p,,, we define the soft-calibration loss:
EAIignCal (pyvpmax) = py(l - pmax) + (1 - py)pmax 2
The full training objective therfore becomes:
Liot = LrL + Matigncal »

where ) is a tuneable hyperparameter and Ly, is the focal
loss (Mukhoti et al. 2020)
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Figure 2: Reliability plots of the datasets, VQARad (top) and ScienceQA (bottom). 2a shows the calibration from base Gemma
model. 2b shows plot on FL finetuned Gemma 3 4B model. 2¢ shows the plot on FL + AlignCal finetuned Gemma 3 4B model.
2d shows the plot obtained from Agentic Framework. 2e shows the plot obtained from Agentic framework where agents are

finetuned with AlignCal + FL.

Dataset and Evaluation

Datasets and Models: We took 2 publicly available
datasets, ScienceQA (Lu et al. 2022) and medical dataset
VQARad (Lau et al. 2018). ScienceQA consists of 21,208
multimodal multiple choice questions with diversE science
topics and annotations of their answers with correspond-
ing lectures and explanations. VQA-RAD is manually con-
structed dataset in radiology where answers about images
are naturally created and validated by clinicians. VQA-RAD
dataset contains 3,515 total visual questions. We only con-
sider Yes/No type of questions from this dataset.
Evaluation: We evaluate calibration with ECE (Guo et al.
2017), ACE, and MCE. To visualize miscalibration, we in-
clude reliability diagrams. For task performance, we addi-
tionally report Accuracy, Fl-score, Precision, and Recall.
Maximum Calibration Error (MCE) is the largest absolute
difference between predicted confidence and empirical accu-
racy across all confidence bins. Adaptive Calibration Error
(ACE) splits the sorted predictions into bins each containing
an equal number of examples, then computes the mean abso-
lute gap between empirical accuracy and average confidence
across those bins.

Experiment and Results

Agentic Framework We report here the Agentic framework
results. From Fig. 2, we can show that agentic VLM de-
bate leads to better calibration and more reliable responses.
On ScienceQA dataset ECE decreases from 0.396 to 0.270,
while MCE and ACE also show consistent reductions from
0.449 to 0.438 and 0.372 to 0.265, respectively. In the
VQARad dataset, ECE decreases from 0.375 to 0.146, ACE
also shows consistent reduction 0.207 to 0.133.

AlignCal Results. Fig. 2 reports the calibration improve-
ments achieved by our loss function AlignCal on two VQA
benchmarks. On the VQARad dataset, ECE decreases from
0.178 to 0.137, and ACE decreases from 0.155 to 0.115.
Similarly, on the ScienceQA dataset, ECE is reduced from
0.232 to 0.058, while ACE falls from 0.232 to 0.120. We
also compared our results with other training calibration
methods focal loss (Lin et al. 2017) and label smoothing
(Szegedy et al. 2016). For LS, we use a = 0.1 and for FL,
we use v = 2.

Debate with Calibrated Agents From Table 1, we see that
in the Agentic debate framework when the agents are fine-
tuned with AlignCal loss, it leads to better calibration. ECE
reduces from 0.375 to 0.098, MCE from 0.818 to 0.267
and ACE from 0.207 to 0.095 on VQARad dataset. On Sci-
enceQA dataset ECE reduces from 0.396 to 0.055, ACE re-
duces from 0.372 to 0.110 and MCE from 0.449 to 0.331.
The significant reduction in both across the VQARad and
ScienceQA datasets—relative to using fine-tuning or de-
bate in isolation—indicates that the calibrated-agents debate
yields substantially more reliable confidence estimates and,
more trustworthy answers. The supplementary material in-
cludes additional results and ablation studies.

Conclusion

In this work, we presented AlignVQA, a novel approach
to improving confidence calibration in Visual Question An-
swering (VQA) through a multi-agent debate framework. By
incorporating a multi-agent debate process and calibration-
aware loss, AlignVQA yields more reliable answers with
better-calibrated confidence scores. Future work will include
reducing its inference overhead (e.g., via selective agent ac-
tivation) and applying it to risk-aware applications.
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