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Abstract

Multimodal Large Language Models (MLLMs)
often suffer from hallucinations, particularly
errors in object existence, attributes, or rela-
tions, which undermine their reliability. We
introduce TACO (Verified Atomic Confidence
Estimation), a simple framework that miti-
gates hallucinations through self-verification
and confidence calibration without relying
on external vision experts. TACO decom-
poses responses into atomic queries, para-
phrases them to reduce sensitivity to word-
ing, and estimates confidence using self-
consistency (black-box) or self-confidence
(gray-box) aggregation, before refining an-
swers with a language model. Experiments
on five benchmarks (POPE, MME, Hallusion-
Bench, AMBER, and MM-Hal Bench) with
two MLLMs (LLaVA-1.5-7B and CogVLM2)
show that TACO consistently outperforms di-
rect prompting and Visual Contrastive Decod-
ing, reduces systematic biases, and improves
confidence calibration, demonstrating its ef-
fectiveness in enhancing the faithfulness of
MLLMs.

1 Introduction

Multimodal Large Language Models (MLLMs)
have gained significant attention for their ability
to bridge computer vision and natural language
processing, excelling in tasks such as Visual Ques-
tion Answering (VQA) (Liu et al., 2023; Yin et al.,
2024; Wu and Xie, 2024). Despite this progress,
MLLMs remain vulnerable to hallucination, pro-
ducing responses that are unfaithful to the visual
input (Yin et al., 2023; Bai et al., 2024; Huang et al.,
2024; Favero et al., 2024). Unlike hallucinations in
purely text-based LLMs, hallucinations in MLLMs
often manifest as object hallucinations (Li et al.,
2023), including errors about an object’s existence,
attributes, or relations. These errors reduce trust-
worthiness and limit the adoption of MLLMs in
high-stakes applications.

A key cause of hallucination is that MLLMs are
overly sensitive to textual variations (Chowdhury
and Soni, 2025; Ismithdeen et al., 2025). User
queries are naturally diverse and fragmentary, yet
current models often struggle to align visual con-
tent with such variations. Consequently, small dif-
ferences in wording can lead to inconsistent predic-
tions, undermining reliability (Guan et al., 2023).
Existing methods to mitigate hallucinations typi-
cally rely on external experts such as object de-
tectors or image captioning models (Chen et al.,
2024a; Yu et al., 2024), or on post-hoc calibra-
tion strategies (Min et al., 2023). However, these
approaches introduce dependencies on auxiliary
models that may not generalize well and can be
computationally expensive.

In this work, we introduce TACO (Verified
Atomic Confidence Estimation), a simple yet ef-
fective framework to address multimodal halluci-
nations through self-verification and confidence
calibration, without relying on external vision mod-
els. TACO operates in four stages: (1) atomic
query generation, decomposing user queries and
model answers into fine-grained atomic queries
that can be verified independently; (2) query re-
formulation, paraphrasing atomic queries into se-
mantically equivalent variations to mitigate sen-
sitivity to surface-level phrasing; (3) confidence
estimation, aggregating responses to reformulated
queries using either self-consistency (black-box) or
self-confidence (gray-box with logits) estimation to
identify the most reliable answer; and (4) response
refinement, leveraging a language model to inte-
grate verified atomic answers back into a coherent
response. Through this design, TACO systemati-
cally detects and corrects hallucinations, making
MLLM predictions more consistent and faithful to
visual input.

We conduct comprehensive experiments across
five benchmarks: POPE (Li et al., 2023), MME (Fu
et al., 2023), HallusionBench (Guan et al., 2023),
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Question: "Describe the image."

LLaVA-1.5-7B: "In the image, three people are walking together in a field. They are accompanied by three dogs."
Q®___P_£_ o g tog y p é____g_

i Step 1: Atomic Query Generation

[ Step 2: Query Reformulation |

: 1: Are there three people? 1 1 1: Can you see three dogs in this image? 1

1 2: Are the people walkingM,—»‘ 2: Does the image contain three dogs? !

I 3: Are there three dogs? : : 3: Is the number of dogs in the image equal to three? :
Step 3: Confidence Estimation

! No, there are no dogs in the image.

| Confidence: 100%

- Step 4: Response Refinement !
! 1 In the image, three people are walking together ina |
1

Figure 1: Illustration of the TACO pipeline using a generative example across four steps. First, atomic facts are
extracted from the query and the original answer, and each fact is framed as a binary atomic query. Second, each
atomic query is reformulated into multiple semantically equivalent variations to mitigate the over-sensitivity of
MLLMs to surface text. Third, the MLLM’s responses to these queries are aggregated, and confidence is estimated
using either self-consistency (black-box) or self-confidence (gray-box) to select the more reliable answer. Finally,

an LLM refines the MLLM’s initial response by incorporating the corrected atomic answers.

AMBER (Wang et al., 2023), and MM-Hal Bench
(Sun et al., 2023), and two state-of-the-art MLLMs,
LLaVA-1.5-7B (Liu et al., 2023) and CogVLM2
(Hong et al., 2024). Results demonstrate that
TACO consistently reduces hallucinations in both
discriminative and generative tasks, outperforming
direct prompting and Visual Contrastive Decod-
ing (VCD). Notably, we find that self-confidence
estimation outperforms self-consistency, showing
the advantage of gray-box calibration. Beyond
benchmark performance, our analysis further re-
veals how TACO mitigates systematic biases (e.g.,
“yes”-answer bias) and improves reliability under
query reformulations.
In summary, our contributions are threefold:

1. We propose TACO, a unified framework for
mitigating hallucinations in MLLMs through
verified atomic confidence estimation.

2. We demonstrate that TACO improves cali-
bration in both black-box and gray-box set-
tings, offering insights into the strengths of
self-confidence over self-consistency.

3. We validate TACO across multiple bench-
marks and models, showing consistent im-
provements and providing deeper analysis of
its effects on error patterns and biases.

2 Related Work

Fact Verification Existing fact verification meth-
ods for text generation typically follow a multi-
stage pipeline that leverages external knowledge
bases or domain experts (Zhong et al., 2020; Guo
et al., 2022; Durmus et al., 2020; Honovich et al.,

2022). In VQA, analogous strategies employ ex-
ternal vision experts, such as object detection mod-
els (Rohrbach et al., 2018; Li et al., 2023; Wang
et al., 2023; Chen et al., 2024b; Sahu et al., 2024;
Chen et al., 2024a; Zhou et al., 2025) or image
captioning models (Yin et al., 2023; Yu et al.,
2024), to provide verification evidence. However,
these approaches often inherit the limitations of
expert outputs, reducing their robustness on out-
of-distribution tasks (Manakul et al., 2023). By
contrast, self-verification has been explored in the
text domain as a means of validating reasoning
steps without reliance on external inputs (Fabbri
et al., 2022; Weng et al., 2023; Miao et al., 2023;
Ling et al., 2023; Zhang et al., 2023; Li et al., 2024).
Inspired by sampling-based self-check techniques
in text generation (Manakul et al., 2023) and fact
extraction in image-to-text tasks (Min et al., 2023;
Cho et al., 2024), our work investigates the po-
tential of self-verification to mitigate multimodal
hallucinations, thereby eliminating the need for ex-
ternal vision experts.

Confidence Calibration Modern neural net-
works are widely recognized for producing poorly
calibrated predictions (Guo et al., 2017; Wang et al.,
2020; Minderer et al., 2021; Jiang et al., 2021;
Xiong et al., 2023). Traditional calibration methods
often rely on retraining or the construction of dedi-
cated calibration datasets (Lakshminarayanan et al.,
2017; Gal and Ghahramani, 2016; Lee et al., 2018;
Yoo et al., 2022). With the advent of LLMs, new
approaches that avoid full retraining have emerged.
These methods can be broadly categorized into
verbalization-based techniques (Lin et al., 2022;
Zhou et al., 2023; Mielke et al., 2022; Band et al.,
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2024), consistency-based techniques (Wang et al.,
2022; Xiong et al., 2024; Lyu et al., 2024), and
probability-based techniques (Guo et al., 2017;
Zhang et al., 2020; Malinin and Gales, 2021; Kuhn
et al., 2023; Deng et al., 2023; Xiong et al., 2024).
Verbalization-based methods assess whether
models can explicitly articulate their confidence,
while consistency-based and probability-based
methods calibrate output distributions, either with-
out or with access to logits. Typically, multiple
generations are sampled using decoding strategies
such as temperature scaling (Lin et al., 2024; Desai
and Durrett, 2020), beam search (Kuhn et al., 2023),
or prompt variation (Tian et al., 2023; Xiong et al.,
2024; Pedapati et al., 2024). Notably, initiated by
Leng et al. (2024), a line of probability based meth-
ods for visual contrastive decoding (Wang et al.,
2024; Favero et al., 2024; Zhang et al., 2024), con-
trasts token level probability distributions condi-
tioned on the original image with those conditioned
on a perturbed version of the input instruction or
image to mitigate multimodal hallucination. De-
spite these advances, little work has systematically
examined whether model responses can be cali-
brated through self-estimated confidence derived
from question samples in multimodal contexts.

3 TACO: Verified Atomic Confidence
Estimation

Unlike prior work that primarily validates object-
existence hallucinations (Wang et al., 2023; Li
et al., 2023), our goal is to detect and correct
a broader range of object-level hallucinations in
MLLM-generated responses, encompassing inac-
curacies in object existence, attributes, and rela-
tions (Bai et al., 2024). Our approach consists of
four stages: atomic query generation, query refor-
mulation, confidence estimation, and response re-
finement. Given an image and a query, the MLLM
first produces an initial response. We then evalu-
ate its self-consistency or self-confidence on each
extracted atomic question, and leverage an LLM
to refine the response by resolving any identified
hallucinations. An overview of this framework is
illustrated in Figure 1.

3.1 Atomic Query Generation

To comprehensively address different categories of
object hallucinations, it is essential to define the
types of verification questions that can be gener-
ated. Inspired by (Cho et al., 2024), we introduce

a taxonomy of question types in Table 1 and re-
quire that all verification questions satisfy two key
criteria:

1. Each question must be atomic (Cho et al., 2024),
i.e., it should capture the smallest possible se-
mantic unit. This means focusing on a single
atomic fact, as specified by the taxonomy in Ta-
ble 1, and ensuring the question is self-contained
and answerable without additional context.

2. Each question must be a positively framed bi-
nary question, enabling an unambiguous “yes”
or “no” answer.

We employ an LLM to generate atomic questions
that provide full semantic coverage of the initial
response requiring refinement. To improve this
process, we design a two-stage procedure: First,
given the user’s question and the MLLM’s initial re-
sponse, we extract atomic semantic tuples based on
the taxonomy. For example, to verify the existence
of a truck, the tuple entity—whole (truck) is instanti-
ated from the “Entity—Whole” category. This tuple
is then converted into a binary question such as
“Is there a truck?” If the original VQA question is
already atomic and binary, it is preserved directly
as the output. Additional implementation details
are provided in Section A.1.

3.2 Query Reformulation

For each atomic question, we apply question scal-
ing to generate sampled responses for confidence
estimation. A straightforward approach would be
to use different decoding strategies, such as greedy
decoding, beam search, top-p sampling, or temper-
ature scaling. However, these perturbation meth-
ods fail to sufficiently explore the MLLM’s output
space when applied to binary questions. In con-
trast, question paraphrasing offers a more effective
perturbation strategy, as MLLMs are highly sensi-
tive to syntactic variations in text (Ismithdeen et al.,
2025). This sensitivity allows paraphrasing to bet-
ter expose overconfidence and improve calibration.
Accordingly, we employ an LLM to paraphrase
each atomic question into n variations and evaluate
the resulting outputs. Additional implementation
details are provided in Section A.2.

3.3 Confidence Estimation

The variance among multiple responses to a given
question has been proposed as a proxy for model
confidence (Xiong et al., 2024). In this step,
given the original image as input, we prompt the
MLLM to generate responses to each perturbed
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Hallucination Type Subcategory

Entity Whole (entire entity, e.g., boy), Part (part of entity, e.g., boy’s arm)

Attribute State (e.g., happy emoji), Color (e.g., white chalk), Type (e.g., aviator goggles), Text rendering (e.g.,
text "START"), Material (e.g., plastic bowl), Shape (e.g., round plate), Size (e.g., long bench), Count
(e.g., three cars), Texture (e.g., flattened surface), Style (e.g., realistic photo), Temporal (e.g., old
clock)

Relation Spatial (e.g., A behind B), Action (e.g., A touches B)

Table 1: Taxonomy used by the atomic query generator to guide the creation of targeted question types. The
taxonomy defines core categories of object hallucination, covering entities, attributes, and relations, which can be
extended to more comprehensive supersets for broader and benchmark-specific coverage.

atomic question. For each initial atomic ques-
tion, we collect an answer set a = {a1,...,a,},
from which the majority answer is determined as
arg maXgcyes,No 0 rq 1(d4; = a) using ag-
gregation functions over candidate answers.

We then propose two methods for estimating and
aggregating the MLLM’s self-confidence: black-
box assessment and gray-box assessment. Each
method produces a confidence score conf(q, v, a)
for atomic question ¢ given visual input v, which
is subsequently used to calibrate the reliability of
the MLLM’s prediction.

a =

Black-Box Assessment We estimate self-
confidence by measuring the self-consistency
of candidate answers, without requiring access
to the model’s internal states or output logits.
Following prior work that evaluates agreement
between candidate responses a@; and the majority
answer a (Wang et al., 2022; Lyu et al., 2024),
self-consistency is defined as:

n

1 S
Cself—consistency = E Z H{ai = CL}. (D

=1

Gray-Box Assessment When output probabil-
ities are available, we can leverage them as un-
certainty indicators. For each paraphrased binary
question g; and visual input v, we extract the proba-
bility p(a; | ¢;,v) assigned to the predicted answer
a; € {“Yes”,“No”}. These probabilities are in-
corporated as weights in the aggregation function
used to assess alignment with the majority answer.
By default, we use the mean as the aggregation
function, while alternative functions are explored
in Section 6. The self-confidence score is then
computed as:

n

1 . N asa
Cself-confidence = ﬁ Zﬂ{ai = a} : p(ai ‘ qi, 'U)-

i=1
2)

3.4 Response Refinement

Guided by the atomic verification questions and
their answers, we employ an LLM to refine the
MLLM’s initial response by incorporating the more
confident answer to each atomic query and integrat-
ing them into a unified output. Notably, the LLM
does not require visual inputs for this step, thereby
reducing reliance on the external helper model. If
only a single atomic query is generated (i.e., when
the original question is already atomic), this refine-
ment step is unnecessary. In our experiments, we
use Claude-3-Sonnet and Claude-3.7-Sonnet
as the LLMs. Additional implementation details
are provided in Section A.3.

4 Experiment Setup

We evaluate our confidence calibration approach on
two state-of-the-art MLLMs, LLaVA-1.5-7B and
CogVLM2. Experiments are conducted across three
discriminative benchmarks: POPE (Li et al., 2023),
MME (Fu et al., 2023), and HallusionBench (Guan
et al., 2023) as well as two generative benchmarks:
AMBER (Wang et al., 2023) and MM-Hal (Sun
etal., 2023). We compare TACO against the follow-
ing baselines: (1) direct prompting of the MLLM,
and (2) VCD, which applies contrastive decoding
by comparing the model’s responses with those gen-
erated from a perturbed image input (Leng et al.,
2024). We refer to our self-consistency approach
as TACO-S and our self-confidence approach as
TACO-F. Further implementation details are pro-
vided in Section A .4.

POPE POPE (Li et al.,, 2023) introduces
a polling-based query method to evaluate an
MLLM’s ability to answer object-existence ques-
tions in images. The task is framed as binary clas-
sification using yes/no questions, which improves
both stability and flexibility. The benchmark is con-
structed from 500 MSCOCO images with an equal
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Accuracy F1

Model Approach Adversarial Popular Random | Adversarial Popular Random
Direct 79.60 81.73 83.47 78.36 80.17 81.71
VCD 81.90 84.83 86.83 81.30 83.84 85.66

LLaVA-1.5-7B TACO-S w/ Claude-3-Sonnet 83.54 86.58 88.78 83.15 85.78 87.95
TACO-F w/ Claude-3-Sonnet 84.88 87.93 89.29 84.47 87.21 88.48
TACO-S w/ Claude-3.7-Sonnet 84.70 87.57 89.07 84.21 86.79 88.20
TACO-F w/ Claude-3.7-Sonnet 84.80 87.70 89.33 84.40 86.99 88.53
Direct 84.80 85.90 88.53 84.17 85.06 87.55
VCD 85.87 87.20 89.97 85.11 86.37 89.04

CogVLM2 TACO-S w/ Claude-3-Sonnet 85.32 85.90 86.84 83.61 84.10 84.99
TACO-F w/ Claude-3-Sonnet 85.64 86.53 87.42 84.00 84.84 85.70
TACO-S w/ Claude-3.7-Sonnet 84.70 85.50 86.13 82.53 83.40 83.98
TACO-F w/ Claude-3.7-Sonnet 84.77 85.67 86.43 82.67 83.64 84.39

Table 2: Results on POPE. Direct denotes the direct sampling baseline, and VCD refers to the visual contrastive

decoding baseline (Leng et al., 2024).
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Figure 2: Results on the MME benchmark for both models. Subfigures show perception-task performance of (a)

LLaVA-1.5-7B and (b) CogVLM2.

number of positive and negative ground-truth ex-
amples, yielding 9,000 questions. These are evenly
distributed across three settings: random, popular,
and adversarial, for generating negative examples.
We report accuracy and F1 score.

MME The MME benchmark evaluates the per-
ception and cognition capabilities of MLLMs
across 14 tasks with 2374 examples (Fu et al.,
2023). Consistent with our definition in Section 3.1,
each question is binary, focusing on an atomic fact
derived from an image. Following (Yin et al., 2023;
Leng et al., 2024), we restrict our evaluation to
perception tasks in order to specifically examine
object hallucination. We report the score following
Fu et al. (2023) based on accuracy.

HallusionBench HallusionBench is a benchmark
designed to evaluate the failure modes of MLLMs
(Guan et al., 2023). It contains 1,129 questions

divided into two categories: Visual Dependent and
Visual Supplement. Visual Dependent questions
require visual information for accurate answers,
while Visual Supplement questions can be answered
without it, with the visual input serving only as ad-
ditional context or correction. This design enables
assessment of both visual reasoning ability and the
interplay between language priors and visual con-
tent. All questions are binary under our definition.
We report question-pair accuracy (qAcc), figure
accuracy (fAcc), and overall accuracy (aAcc) as
evaluation metrics.

AMBER AMBER is an LLM-free, multi-
dimensional benchmark designed to evaluate hal-
lucinations in MLLMs across both generative and
discriminative tasks (Wang et al., 2023). In our
work, we use its 1,004 generative questions to as-
sess the effectiveness of our atomic question gener-
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ation approach. Evaluation is based on four metrics:
CHAIR, Cover, Hal, and Cog. CHAIR measures
the frequency of hallucinated objects in responses;
Cover measures object coverage; Hal measures the
proportion of responses containing hallucinations;
and Cog measures whether MLLM hallucinations
resemble patterns observed in human cognition.

MM-Hal MM-Hal is a benchmark specifically
designed to evaluate hallucinations in MLLMs
(Sun et al., 2023). Unlike prior benchmarks that
focus on general response quality or restrict evalu-
ation to yes/no questions, MM-Hal employs open-
ended, realistic questions to better capture hallu-
cination phenomena in practical settings. It con-
sists of 96 image—question pairs across 8 categories
and 12 object topics, targeting common failure
modes such as incorrect attributes, adversarial ob-
jects, counting, comparison, spatial relations, envi-
ronment, and holistic descriptions. Evaluation is
performed with GPT-40 as the judge, comparing
model responses against human-written references
to determine whether hallucinations are present.

5 Results

POPE The experimental results on POPE across
the random, popular, and adversarial settings
are shown in Table 2.  Our approach con-
sistently outperforms both baselines in terms
of accuracy and F1 score across all subtasks
on LLaVA-1.5-7B, while achieving comparable
performance on CogVLM2. Importantly, self-
confidence estimation consistently surpasses self-
consistency estimation across all subtasks and mod-
els, demonstrating that leveraging the model’s
probabilistic distribution leads to more effective
confidence calibration. The performances of
Claude-3-Sonnet and Claude-3.7-Sonnet are
largely comparable.

MME Figure 2 shows radar plots of evaluation
results across MME perception task subsets. Un-
like benchmarks focused solely on object existence,
MME also evaluates attribute-level hallucinations,
providing a broader assessment of model reliabil-
ity. Our methods consistently reduce hallucinations
across different subsets and MLLMs. Consistent
with the POPE results, self-confidence estimation
generally outperforms self-consistency in terms of
overall accuracy. By contrast, the VCD approach
yields only marginal gains.

HallusionBench Our evaluation shows that both
of our approaches outperform baseline methods
across all accuracy metrics. The self-consistency
and self-confidence estimation methods achieve
largely comparable results, while VCD does not
yield clear improvements on this benchmark. This
is because HallusionBench provides a more rigor-
ous and adversarial evaluation of VQA dependen-
cies on visual content. In such cases, VCD often
fails when the perturbed image does not offer suf-
ficiently informative contrastive cues to guide the
model’s attention.

AMBER The results for both models in Table 4
show that TACO outperforms the direct prompt-
ing baseline on the CHAIR, Hal, and Cog metrics,
while maintaining comparable object coverage as
measured by COVER. Notably, the hallucination
rate decreases substantially, with minimal loss of
useful information.

MM-Hal On MM-Hal in Table 5, we find that
TACO improves performance for LLaVA-1.5-7B
but not for CogVLM2. Notably, CogVLM2 outper-
forms LLaVA-1.5-7B by a significant margin. We
attribute this to the strong baseline performance of
CogVLM2 on this task, where the involvement of
an auxiliary language model may introduce nega-
tive effects when the original MLLM already pos-
sesses sufficient capability to answer the questions.

6 Discussion

Based on our experiments across both discrimina-
tive and generative benchmarks, we highlight two
key findings: (1) TACO consistently outperforms
both direct sampling and visual contrastive decod-
ing baselines, demonstrating its effectiveness as a
confidence calibration method. (2) Self-confidence
estimation surpasses self-consistency estimation,
showing that gray-box assessments provide deeper
insight into an MLLM’s calibrated confidence.

Below, we further analyze statistics from POPE
and HallusionBench to shed light on the underlying
behavior of our method.

Does the model exhibit greater consistency
across reformulated queries when producing
correct answers? To examine whether the dis-
persion of model outputs (i.e., disagreement among
paraphrased responses) is linked to prediction re-
liability, we analyzed the per-question variance of
binary answers on POPE. For each question, we
computed the proportion of “yes” responses and
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Model Approach ‘ gAcc (1) fAcc (1) EasyaAcc () HardaAcc (1) aAcc (1)
Direct 17.58 19.36 42.42 43.72 49.60
VCD 16.92 18.79 41.10 42.33 49.25
LLaVA-1.5-7B TACO-S w/ Claude-3-Sonnet 19.56 21.39 46.37 46.28 50.49
TACO-F w/ Claude-3-Sonnet 14.51 22.54 45.93 48.60 51.20
TACO-S w/ Claude-3.7-Sonnet 20.88 25.14 49.67 48.60 55.09
TACO-F w/ Claude-3.7-Sonnet 20.44 26.30 48.35 50.00 55.62
Direct 21.98 21.68 50.55 42.33 53.06
VCD 21.32 23.12 52.75 41.40 52.88
CogVLM2 TACO-S w/ Claude-3-Sonnet 30.11 32.08 53.85 56.28 60.50
TACO-F w/ Claude-3-Sonnet 30.55 36.13 56.48 61.86 63.86
TACO-S w/ Claude-3.7-Sonnet 24.84 27.46 50.33 55.35 59.26
TACO-F w/ Claude-3.7-Sonnet 24.62 2543 50.99 54.19 59.26
Table 3: Results on HallusionBench.
Model Approach CHAIR (/) COVER (1) Hal(}) Cog(l) Metric LLaVA-1.5-78 CogVLM2
Direct 7 S 95 44 Random Popular  Adv. | Random Popular  Adv.
LLavA-1.5-78  TACO-S w/Claude-3.7-Sonnet 6.5 48.5 Bl T-Test p-value 3.0e25 33e21 3.0e23 | 20e21 6.8e22 3.5e22
TACO-F w/Claude-3.7-Somnet 64 490 288 20 Mann-Whitney U p-value | 4.4¢-88 2.1e-58 4.5¢-53 ‘ 33e-63 7.3e-61 3.1e-56
Direct 113 61.9 50.9 4.1
CogVLM2 TACO-S w/ Claude-3.7-Sonnet 7.6 59.1 36.6 2.1
TACO-F w/ Claude-3.7-Sonnet 7.7 59.0 37.1 22

Table 4: Results on AMBER. For all metrics except
COVER, lower values indicate better performance.

Model Approach Average Score (1) Hallucination Rate ()
Direct 1.85 0.69
LLaVA-1.5-7B  TACO-S w/ Claude-3.7-Sonnet 225 0.58
TACO-F w/ Claude-3.7-Sonnet 2.53 0.52
Direct 2.71 0.53
CogVLM2 TACO-S w/ Claude-3.7-Sonnet 2.59 0.50
TACO-F w/ Claude-3.7-Sonnet 2.59 0.51

Table 5: Results on MM-Hal Bench. Lower values
indicate better performance for hallucination rate.

derived the variance p(1 — p) as a measure of un-
certainty. The majority vote was then compared
against the ground truth to assess correctness.

We tested whether variance differed significantly
between correctly and incorrectly answered ques-
tions using Welch’s two-sample ¢-test, and verified
robustness with the non-parametric Mann—Whitney
U test. We also quantified the relationship between
variance and correctness using the point-biserial
correlation. Results show that incorrect predictions
exhibit substantially higher mean variance than cor-
rect ones, with both statistical tests confirming sig-
nificance and a negative correlation observed be-
tween variance and correctness.

These findings support the hypothesis that
greater disagreement among paraphrased answers
is predictive of reduced majority-vote accuracy.
They further suggest that MLLMs are more sen-
sitive to syntactic variation when less confident,
consistent with our intuition.

Table 6: Statistical significance tests comparing the vari-
ance p(1 — p) of atomic answer distributions between
correctly and incorrectly answered questions on POPE.
Reported values are p-values from Welch’s two-sample
t-test and the Mann—Whitney U test across random,
popular, and adversarial settings for LLaVA-1.5-7B and
CogVLM2. Lower p-values indicate stronger evidence
that variances differ between correct and incorrect an-
SWers.

What bias does TACO correct? Prior work has
shown that MLLMs often exhibit a bias toward
answering “Yes,” particularly in existence and at-
tribute verification tasks (Guan et al., 2023). This
tendency stems from poor confidence calibration
and leads models to over-predict object presence
or attributes even when they are absent.

To evaluate whether TACO mitigates this bias,
we analyzed the ratio of “Yes” responses on Hallu-
sionBench, comparing our approach with baseline
methods. Specifically, we measured the deviation
in Yes prediction percentages from the reference
values reported by Guan et al. (2023).

Our results show that TACO effectively reduces
the systematic “Yes” bias observed in the base-
lines, producing more balanced predictions be-
tween “Yes” and “No.” In particular, our methods
substantially lower the internal bias of both models,
as reflected in improvements on the Pct Diff and FP
Ratio metrics. These findings indicate that TACO
not only calibrates confidence more accurately but
also helps correct the inherent response imbalance
in MLLMs.
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Approach LLaVA-1.5-7B CogVLM2

Pct Diff (~0) FP Ratio (~0.5) | Pct Diff (~0) FP Ratio (~0.5)
Direct 0.12 0.62 0.17 0.68
VCD 0.14 0.63 0.19 0.70
TACO-S 0.00 0.50 -0.07 0.41
TACO-F 0.02 0.52 -0.08 0.40

Table 7: Analysis of Yes/No prediction bias on Hallu-
sionBench. We report the Yes Percentage Difference
(Pct Diff; closer to 0 indicates balanced Yes/No predic-
tions) and the False Positive Ratio (FP Ratio; closer to
0.5 indicates reduced bias toward predicting “Yes”). Re-
sults show that both TACO-S and TACO-F substantially
reduce the Yes-bias compared to the direct and VCD
baselines for both LLaVA-1.5-7B and CogVLM2.
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Figure 3: Comparison of aggregation functions for self-
confidence estimation on POPE using LLaVA-1.5-7B.

Which aggregation function is better for self-
confidence estimation: MEAN or MAX? We
compare two aggregation strategies for self-
confidence estimation: MAX and MEAN. The
MAX function selects the larger probability be-
tween predicting Yes” and No” across all para-
phrased atomic questions, while the MEAN func-
tion computes the average probability of each an-
swer over all paraphrases. As shown in Figure 3,
MEAN consistently provides more reliable con-
fidence estimates than MAX, leading to superior
calibration performance.

Would removing query reformulation decrease
performance? We examine the effect of remov-
ing the query reformulation step while retaining
atomic verification, and report the results in Table 8.
Across both LLaVA-1.5-7B and CogVLM2 on POPE
and HallusionBench, this modification consistently
leads to performance degradation. For instance,
on POPE, accuracy decreases across random, pop-
ular, and adversarial settings when reformulation
is removed, and on HallusionBench the overall
score for CogVLM2 drops from 63.9 to 60.7. Despite

Model & Dataset Metric Direct TACO w/o Step2 TACO
. Random 0.835 0.890 0.893
Lavor "’ Popular 0817 0867 0.879
Adversarial ~ 0.796 0.817 0.849
Random 0.885 0.864 0.874

CogVLM2
OEgPOPE Popular 0.859 0.854 0.865
Adversarial ~ 0.848 0.843 0.856
gAcc 17.58 13.8 14.51
fAcc 19.36 23.1 22.54

LLaVA-1.5-7B

, Easy 42.42 463 45.93
on HallusionBench - p *y 43.72 472 48.60
Overall 49.60 50.6 51.20
gAce 21.98 25.5 30.6
fAcc 21.68 35.0 36.1

CogVLM2
o asionBench  EASY 50.55 55.8 56.5
Hard 4233 54.4 61.9
Overall 53.06 60.7 63.9

Table 8: Ablation study on removing the query re-
formulation step (Step 2). We use TACO-F w/
Claude-3-Sonnet. Results are reported for LLaVA
and CogVLM2 on POPE and HallusionBench.

this decline, the variant without reformulation re-
mains competitive and generally outperforms direct
prompting, indicating that atomic verification pro-
vides the primary robustness improvement, while
query reformulation further enhances stability and
response quality.

Can LLMs handle negative questions? Dur-
ing our experiments, we observed an interesting
phenomenon: current MLLMs struggle with nega-
tive queries. Both LLaVA-1.5-7B and CogVLM2 fre-
quently misinterpret questions such as “Isn’t there
a ball in the image?” or “Are there no balls in the
image?”, often producing inconsistent or random
answers, even when they correctly answer the cor-
responding positive query. This suggests that their
basic linguistic reasoning capabilities remain lim-
ited, highlighting the need for improved training
strategies to strengthen textual understanding and
better align language with visual inputs.

Would TACO introduce significantly higher la-
tency? The computational cost depends primar-
ily on the number of atomic queries generated from
the original question and the number of paraphrases
used per query. Suppose a question produces m
atomic queries and we generate n paraphrases for
each. The total number of model calls becomes:
(1) one LLM call for atomic query generation, (2)
m LLM calls for reformulation, (3) one LLM cal
for answer refinement, and (4) m x n calls to the
underlying MLLM for confidence estimation. Let
tum denote the time for one LLM call and ¢, the
time for one MLLM call. The direct prompting
baseline requires only ¢mym. Our pipeline requires
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Dataset Metric Direct TACO-S
Random F1 0.857 0.875
Random Acc 0.873 0.888
Adversarial F1 0.837 0.850
POPE Adversarial Acc  0.852 0.863
Popular F1 0.847 0.871
Popular Acc 0.863 0.882
MME Score 1611 1711
CHAIR (}) 6.7 53
Cover (1) 63.3 61.9
AMBER 1 () 348 284
Cog (1) 2.0 1.5

Table 9: Comparison between Direct and TACO-S
across POPE, MME, and AMBER benchmarks using
Qwen2.5-VL-7B-Instruct.

approximately tym X (1 4+m + 1) + tpum X (mn).
The dominant cost arises from the confidence esti-
mation stage, where the MLLM is queried m X n
times. In practice, we parallelize MLLM calls
across multiple replicas so that the system can pro-
cess reformulated queries in a first come first serve
manner. Because API latency can vary significantly
and different environments support different accel-
eration strategies, absolute latency numbers may
vary depending on hardware, API conditions, and
parallelization settings.

Would TACO generalize to stronger VLMs?
To evaluate the generalization ability of
TACO on stronger vision language models,
we conduct additional experiments using
Qwen2.5-VL-7B-Instruct (Bai et al.,, 2025)
under the same experimental configuration on
POPE, MME, and AMBER. The results are
reported in Table 9. Across all three benchmarks,
TACO-S consistently improves performance,
demonstrating its effectiveness and robustness on
more capable VLMs.

7 Conclusion

In this work, we presented a sampling-based confi-
dence calibration framework to address object hal-
lucinations in VQA tasks. Our four-step pipeline
systematically generates atomic questions, refor-
mulates them into multiple variations, estimates the
MLLM’s confidence, and refines its initial response
through calibrated feedback. Experiments on multi-
ple benchmarks and state-of-the-art MLLMs show
that question paraphrasing is an effective strat-

egy for sampling diverse generations, while LLM-
assisted atomic fact extraction and question formu-
lation substantially reduce hallucinations in gen-
erative settings. These results highlight the poten-
tial of verified atomic confidence estimation as a
lightweight yet powerful approach for improving
the faithfulness and reliability of MLLMs.

Limitations

While our study demonstrates the effectiveness of
TACO in mitigating multimodal hallucinations, sev-
eral limitations remain that open up directions for
future work.

First, our framework is evaluated primarily on a
selection of widely used benchmarks. Although
these cover both discriminative and generative
tasks, they may not fully capture the diversity of
real-world multimodal scenarios, such as open-
domain dialogue, video understanding, or interac-
tive systems. Extending the evaluation to broader
and more dynamic datasets would help verify the
generalizability of our approach.

Second, our method currently focuses on halluci-
nations at the object level: existence, attributes, and
relations. While these represent the most common
and impactful error modes, hallucinations can also
manifest in more abstract forms, such as common-
sense reasoning or causal inference. Incorporating
atomic query generation for higher-level seman-
tic reasoning remains an interesting direction for
future research.

Additionally, our framework relies on an exter-
nal LLM to perform instruction following steps
such as formatting atomic queries, paraphras-
ing, and rewriting. Although these operations
are lightweight compared to visual expert based
pipelines, they still require reliable adherence to
structured output constraints and moderate few shot
learning capability. The LLMs used in our experi-
ment do not represent current frontier performance,
and different LLM choices may influence the sta-
bility and quality of atomic query generation.

Finally, while we deliberately avoid reliance
on external vision experts to keep the framework
lightweight and generalizable, there may still be
scenarios where integrating complementary signals
from specialized vision modules could further en-
hance robustness. Exploring hybrid approaches
that combine self-verification with external guid-
ance in a controllable way may provide a balance
between autonomy and reliability. Due to compu-
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tational constraints, we leave such investigations to
future work.

Ethical Considerations

Our work addresses the problem of hallucinations
in MLLMs, with the goal of improving the faithful-
ness and reliability of model outputs. While this
research aims to reduce the risks associated with
inaccurate or misleading responses, mitigating hal-
lucinations does not guarantee the elimination of
all errors. Models calibrated with TACO may still
produce inaccurate or biased outputs, particularly
when operating on out-of-distribution data. Users
should be aware that even with improved confi-
dence estimation, MLLMs should not be blindly
trusted in safety-critical domains such as health-
care, law, or autonomous systems without human
oversight.

Our framework relies on large-scale pretrained
MLLMs and LLMs, which themselves may en-
code societal biases present in their training data.
Although TACO helps calibrate confidence and
correct factual inconsistencies, it does not directly
address biases or harmful stereotypes inherent to
the underlying models.

Additionally, improving faithfulness may inad-
vertently increase user trust in MLLMs. While this
is a desirable outcome for reliability, it also carries
the risk of over-reliance, particularly if users as-
sume that calibrated models are universally correct.
It is important that system designers clearly com-
municate residual limitations and provide mecha-
nisms for human-in-the-loop verification.
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attribute - shape
attribute - size
attribute - count
attribute - texture
attribute - style
attribute - temporal
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Relations:
* relation - spatial
* relation - action

Miscellaneous:
* other - other

given information in "Question:" as
context that you don't need to ask
questions from.

5. You must generate positively framed
questions and remove any negative words
including "not"” and "no"” from your
generation regardless of whether it
will result in the opposite meaning.
For example, instead of generating "is
this artwork not created by Jacob?”,
you should always ask its corresponding
positive question "is this artwork
created by Jacob?"

output format: id | question

Second, we prompt the same LLM to convert
these tuples into atomic queries. The correspond-
ing prompt is shown below. We conduct exper-
iments with two LLMs, Claude-3-Sonnet and
Claude-3.7-Sonnet. For both models, the tem-
perature is set to 0 and the maximum output length
to 1000 tokens. This decoding configuration is ap-
plied consistently across all uses of the LLM. We
provide two shot examples.

A.2 Query Reformulation Details

For each atomic query, we generate nine reformu-
lated variations using the same LLLM as above. The
corresponding prompt is shown below. We provide
two-shot examples.

Task: Given the example input
questions, skill-specific tuples, and
the example output of generated binary
questions, re-write each tuple from the
last example into a standalone,
positively framed natural language
binary question.

Requirements:

1. Each binary question should be
non-trivial for a vision model to
verify. Exclude trivial tuples that do
not help in verifying and refining the
initial answer.

2. Each binary question should be
self-contained and answerable
independently, without requiring
knowledge of other binary questions.
2. Generate one binary question only
for the two or more tuples sharing the
same meaning or the opposite meaning.
3. Ensure the generated questions fully
capture the factual information of the
input question. Create additional
binary questions if they are helpful
and complementary for refining the
initial answer.

4. Treat conditional statements or

Paraphrase the following question about
an image maintaining the exact same
meaning. You must keep the entity names
in the paraphrased questions the same
as in the input question to prevent any
ambiguity. Ensure each generated
question is easily understandable and
can be answered with "yes" or "no.
Generate 10 distinct paraphrased
versions of the question.

n

Input question:

{question}

Directly provide your paraphrased
questions in a numbered list without
any explanations.

A.3 Response Refinement Details

The following prompt is used to guide the LLM in
refining the MLLM’s answer.

Given a VQA question-answer pair,
refine the model's initial answer using
the context of verification questions
and their ground truth answers.
Preserve the model's answer if the
verification context confirms that the
final answer is correct, even if the
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model's reasoning is flawed. Only
revise the model's answer if the
verification context provides highly
specific and directly relevant evidence
that the final answer itself is
incorrect. If no sufficiently relevant
verification questions are available,
return the initial answer as the
output. Ensure that all output text is
derived from the initial answer or the
provided context; do not generate any
new, unverified information.

Question: "{question}”
Model's initial answer: "{answer}”
Verification context:

{verification_qga}

Provide only the revised answer without
any explanation or additional text.

A.4 Experiment Details

We conduct our experiments on 8 NVIDIA A100
80G GPUs, totaling approximately 1,000 GPU
hours. For all experiments involving MLLMs, re-
sults are averaged over three random seeds, and we
report the mean performance. We set the decod-
ing temperature to 0.6 to reduce repetitions in text
generation and limit the maximum number of new
tokens to 1,024. For VCD, weuse « = 1, 8 = 0.1,
and 500 noise steps. The total API cost for LLM
usage was approximately $1000.

We use the official implementations of
LLaVA-1.5-7B ! and CogVLM2 2.

A.5 Dataset details

All datasets used in this work are subject to their
respective licenses and are employed strictly for
research purposes, consistent with their original in-
tended use. The datasets contain only VQA exam-
ples and do not include any personally identifiable
information or offensive content.

"https://github.com/haotian-1iu/LLaVA
Zhttps://github.com/zai-org/CogVLM2

A.6 Usage of AI Assistants

We use Al assistants solely to correct grammar and
improve clarity of writing.
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