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Abstract

While recent Large Vision–Language Models (LVLMs) ex-
hibit impressive multimodal reasoning abilities, they of-
ten produce ungrounded, hallucinated responses by over-
relying on linguistic priors rather than visual evidence. This
critical limitation arises from the lack of a quantitative mea-
sure of how much these models actually rely on visual inputs
during reasoning. We propose Draft and Refine (DnR),
an agent framework driven by a novel question-conditioned
utilization metric. This metric quantifies the model’s actual
reliance on visual evidence by first constructing a query-
conditioned relevance map to localize question-specific evi-
dence, and then assessing dependence through relevance-
based probabilistic masking. Guided by this metric, the
DnR agent refines its initial ‘draft’ through targeted feed-
back from external visual experts. Each expert’s output
(e.g., boxes, masks) is rendered as visual cues on the im-
age, and the LVLM is re-queried to select the response that
yields the greatest improvement in utilization. This pro-
cess strengthens visual grounding of predictions without re-
training or architectural changes. Experiments across a
broad range of VQA and captioning benchmarks demon-
strate consistent accuracy gains and reduced hallucination.
These results show that quantifying visual utilization pro-
vides a principled path for designing more interpretable
and evidence-driven multimodal agent systems that effec-
tively leverage visual experts.

1. Introduction
Large vision language models (LVLMs) have begun to in-
terface with diverse visual tools and experts, enabling com-
plex reasoning that combines perception and language [13,
27, 56, 64, 70–72]. However, existing methods mainly rely
on language-driven control, prompting models to call ex-
perts based on chain-of-thought or textual confidence [53,

56, 70, 71]. Such mechanisms inherit the biases and un-
reliability of the language model itself and seldom ac-
count for how effectively visual information is actually uti-
lized [4, 10]. Learning-based coordination frameworks,
on the other hand, require costly and inflexible joint opti-
mization across multiple experts and tasks [7, 26, 31, 32].
This raises a fundamental question: can a vision–language
model autonomously determine when and which visual ex-
pert to invoke—guided by its own perceptual needs rather
than linguistic biases?

To address this challenge, we reconsider expert coordi-
nation from the perspective of visual utilization. Our ini-
tial intuition is simple: LVLMs should be guided to more
effectively utilize visual information when forming its pre-
dictions [28, 75]. However, not all visual cues are equally
useful, because different tasks and questions require atten-
tion to different parts of the image [22, 40]. Therefore, the
key is not to maximize visual dependence globally but to
evaluate how well the model utilizes the regions relevant to
the given situation [5, 50]. Once the model identifies which
visual information is most critical, the selected expert can
provide additional evidence to refine the model’s reasoning
and improve its decision. Building on this idea, we develop
a Draft and Refine (DnR) framework that measures visual
utilization and uses it as a quantitative criterion for selecting
and incorporating visual experts. This formulation enables
adaptive expert choice grounded in the model’s actual per-
ceptual behavior rather than relying on linguistic priors or
heavy joint supervision.

Existing LVLMs can describe what they see but can-
not determine which visual elements are truly important
or why they matter for a given task [55, 66]. Because
there is no explicit label or metric to assess such depen-
dence, we first define a measurable criterion that quantifies
how much the model relies on visual information through
a relevance-based perturbation process. This enables us to
evaluate visual utilization without additional supervision.
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After computing this utilization, we incorporate external
visual experts to complement perceptual gaps by provid-
ing additional evidence. To align their outputs with the
model’s perception, we introduce a visual rendering mech-
anism that highlights essential regions while suppressing ir-
relevant content. This controllable rendering mechanism
enables flexible integration of diverse visual experts into
general-purpose multimodal reasoning systems without re-
training.

Through this formulation, our approach offers a practi-
cal framework to quantify and leverage visual information
within multimodal reasoning. It allows models to evalu-
ate how effectively they use visual evidence and refine rea-
soning based on perceptual relevance rather than linguistic
confidence. The rendering mechanism serves as a flexible
interface for integrating diverse visual experts without re-
training, enabling agent-style coordination that generalizes
across domains. Although rendering styles and parame-
ters require dataset- and model-specific tuning, the frame-
work consistently improves performance across VQA and
captioning benchmarks, showing a strong correlation with
task accuracy and a substantial reduction in hallucination.
Collectively, these findings suggest that measurable visual
grounding offers a principled basis for developing inter-
pretable and evidence-driven AI agent systems that leverage
visual tools.

2. Related Work
Multimodal Large Language Models. Recent advances
in multimodal large language models (MLLMs) have sig-
nificantly expanded the capacity of language models to rea-
son over visual inputs [3, 8, 29, 35, 38, 45, 47, 51, 73]. By
coupling pretrained vision encoders with powerful language
backbones, these systems achieve strong zero-shot perfor-
mance on captioning, visual question answering, and gen-
eral visual reasoning tasks [35, 61]. However, their reason-
ing process remains predominantly language-driven, rely-
ing heavily on internal linguistic priors rather than on visual
grounding [4, 10, 61]. When the visual representation is
coarse or misaligned, such models tend to hallucinate plau-
sible yet unsupported content [4, 10, 61]. This imbalance
between linguistic reasoning and perceptual understand-
ing has been repeatedly observed across recent evaluations,
which report limited grounding fidelity and reduced robust-
ness on fine-grained or localized visual reasoning bench-
marks [4, 35, 61]. These findings underscore the need for
frameworks that can explicitly assess, verify, and refine vi-
sual evidence throughout the reasoning process [4, 10, 35].
Tool-Augmented and Agentic LLMs. Recent research
has transformed large language models into agentic systems
that autonomously plan, execute, and integrate external
tools or APIs for reasoning and perception [36, 53, 56, 70,
71]. These approaches span programmatic reasoning agents

that compose visual functions via code execution [13, 64,
65], tool-calling coordinators that orchestrate multiple pre-
trained experts in a modular pipeline [27, 34, 56, 70, 72],
and multimodal planners that integrate vision encoders for
grounded decision-making [3, 8, 29, 38, 45, 47, 51, 62].
Despite their success, these systems generally rely on pre-
defined or heuristic tool invocation, often selecting experts
based on the LLM’s textual outputs or embedding similari-
ties rather than measurable visual evidence [7, 26, 27, 30–
32, 34, 53, 56, 70, 72], and thus lack quantitative criteria for
determining when visual assistance is necessary or which
expert should be called. In contrast, our framework for-
mulates expert invocation as a measurable decision process,
guided by the model’s actual utilization of visual evidence,
thereby enabling an adaptive and systematic bridge between
perception and reasoning.
Hallucination Mitigation and Visual Grounding. Ad-
dressing hallucination and weak grounding has become a
central challenge in both language and vision–language
modeling [4, 10, 35]. Existing approaches attempt to
improve factual or visual alignment through faithfulness-
oriented supervision [16, 33], retrieval-augmented reason-
ing [6, 68], or uncertainty-driven selection and abstention
strategies [15, 20, 21, 59]. While these methods reduce hal-
lucination, they generally operate as post-hoc corrections or
apply global feature amplification without explicitly con-
ditioning on the query, often leading to over-attention on
irrelevant regions and diluted reasoning fidelity [1, 74]. In
contrast, our framework introduces a query-conditioned rel-
evance map that directly links visual importance to ques-
tion semantics, enabling selective and evidence-grounded
refinement rather than uniform enhancement.

3. Draft and Refine with Visual Experts
The Draft-and-Refine (DnR) framework improves a LVLM
by refining its draft response using specialized visual ex-
perts. Given an image x and a question q, the LVLM first
drafts an initial response based on its existing visual un-
derstanding. DnR then analyzes the x to identify regions
most relevant to q, evaluates how the model’s reasoning de-
pends on them, and selectively engages the expert that pro-
vides complementary visual evidence. By integrating this
evidence, DnR turns the LVLM’s passive description into
an active, evidence-anchored reasoning process that steers
its answers toward visually grounded decisions rather than
incidental linguistic context.

3.1. Query-Conditioned Relevance Map
To assess how effectively the LVLM grounds its reasoning
in visual evidence, we focus on identifying the regions of
image x that truly matter for a given question q. Rather
than assuming that all parts of the image contribute equally,
we recognize that only certain regions serve as meaning-
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Figure 1. Overview of the Draft-and-Refine (DnR) framework. Given an image x and a question q, the LVLM first generates an initial
draft answer ŷ 1⃝. The question is decomposed by fLLM into a query set Q = {qi}, and each query is grounded by fg to produce spatial
relevance maps, aggregated into r(x | q) 2⃝. Gumbel-k sampling masks Top-k and Bottom-k regions for perturbation, and a semantic
encoder g(·) measures similarity shifts between ŷ and perturbed predictions ỹτ to compute the utilization score Ubase

q 3⃝. Expert models
(e.g., CLIP, SAM, OCR) render structured visual evidence onto the image, producing refined outputs with updated utilization U

(j)
q . The

expert with the largest gain U
(j)
q − Ubase

q is selected for refinement 4⃝.

ful evidence. Therefore, we introduce a query-conditioned
relevance map r(x | q), which localizes and highlights the
areas of the x most informative for answering q.
Extracting query terms. We first transform the free-
form question q into a set of explicit visual queries Q =
{q1, q2, . . . , qm}. Directly using q is often suboptimal, as
natural questions may include abstract or relational expres-
sions (e.g., “Is the person hungry?”) that are difficult for
vision encoders to interpret. To bridge this gap, a large lan-
guage model fLLM reformulates q into visually grounded
queries Q = fLLM(q), where each qi denotes a concrete,
visually identifiable concept such as an object or attribute.
For example, for the question “What is the man wearing on
his feet?”, the fLLM generates queries like “shoes”, “feet”,
and “clothing”. These queries serve as explicit textual an-
chors that guide vision–language alignment, as illustrated
in Fig. 2.
Computing query-conditioned regions. Given the ex-
tracted queries Q, each qi is used to localize its corre-
sponding visual evidence within x. We employ a CLIP-
based visual grounding model fg, where each text query
qi guides the decoder to produce a spatial relevance map
R(x | qi) = fg(x, qi) ∈ [0, 1]H×W , representing pixel-
wise relevance to qi. This retrieval-like grounding process
aligns textual concepts with their spatial counterparts.

r(x | q) = 1

m

∑
qi∈Q

R(x | qi), Q = fLLM(q). (1)

Averaging across all query terms ensures consistent activa-
tion of semantically related regions while suppressing spu-
rious responses as defined in Eq. (1). The resulting map

r(x | q) provides the spatial foundation for evaluating how
effectively the LVLM leverages relevant evidence in the
subsequent stages of DnR.

3.2. Question-Conditioned Utilization
After obtaining r(x | q), the next objective is to assess how
effectively the model utilizes the critical visual regions in-
dicated by r(x | q). The question-conditioned utilization
Uq(x) quantifies how the model’s prediction varies when
these regions, either highly relevant (Top-k) or irrelevant
(Bottom-k), are perturbed. A higher Uq(x) indicates that
the model responds sensitively to question-critical evidence
while remaining stable against distractive regions, indicat-
ing more faithful and evidence-grounded reasoning.

3.2.1. Relevance-based probabilistic masking
To quantitatively evaluate how much the model’s prediction
depends on the regions identified as relevant, we construct a
probability distribution over the spatial regions of the image
proportional to their relevance scores. Let U(x) denote the
set of candidate regions within x. The probability of each
region u ∈ U(x) is computed by normalizing its relevance
value obtained from the relevance map.

P (u | x, q) = r(u | x, q)∑
u′∈U(x) r(u

′ | x, q)
. (2)

This normalized distribution, Eq. (2), provides a proba-
bilistic weighting over image regions according to their
question-conditioned importance. Based on this distribu-
tion, two complementary masking strategies are employed,
as illustrated in Fig. 3. Top-k masking occludes highly rel-
evant regions (high P (u | x, q)) to measure degradation in
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Figure 2. Illustration of the query-conditioned relevance map.
For the same image (top row), different questions lead to distinct
relevance regions aligned with the extracted query terms. Con-
versely, for the same question (bottom row), the relevance map
varies with the image content, localizing evidence that matches
the queried concept.

model prediction, while Bottom-k masking occludes less
relevant regions (low P (u | x, q)) to assess prediction sta-
bility. Sampling from these two strategies yields a set of
M stochastic binary masks, denoted as Mq = τ1, . . . , τM ,
each covering approximately a ρ fraction of the image area.
To ensure stochastic region selection, we adopt Gumbel-k
sampling [23, 60], which enables diverse Top-k/Bottom-k
mask generation from the relevance distribution. Adap-
tive combination of Top-k and Bottom-k masking. While
Top-k and Bottom-k perturbations reveal complementary
aspects of model behavior, their relative influence should
depend on the sharpness and distribution of the relevance
map r(x | q). We therefore propose an adaptive weighting
factor α ∈ [0, 1] per sample by analyzing the information
structure of r(x | q). Specifically, α is obtained through
a function α = Φadapt

(
r(x | q)

)
that integrates two cues

(entropy and contrast) reflecting the focus and separabil-
ity of the relevance distribution. We normalize r(x | q)
into pi = ri/

∑
j rj and compute the normalized entropy

Hnorm = −
∑

i pi log pi/ logN , and define contrast as
C = (maxi ri − mini ri)/maxi ri. The coefficients βent
and βctr control their relative influence.

Eq. (3) defines this adaptive function as a weighted com-
bination of the normalized entropy Hnorm and contrast C:

α =
βentHnorm + βctrC

βent + βctr
. (3)

A higher α corresponds to a sharper and more distinct rel-
evance map, assigning greater weight to Top-k masking,
whereas a lower α emphasizes Bottom-k masking to as-
sess stability under diffuse relevance. This adaptive mech-

Figure 3. Question-conditioned utilization computation. Given
a question q and image x, the relevance map r(x | q) guides Gum-
bel Top-k/Bottom-k masking over a ratio ρ of the image. Masked
inputs τ(x) are fed into the LVLM to obtain perturbed predictions
ỹτ , compared with the original ŷ via a semantic encoder g(·), and
aggregated with the adaptive factor α to compute the final utiliza-
tion score Uq(x).

anism allows Uq(x) to dynamically decide which perturba-
tion to emphasize based on the input, focusing on decisive
evidence when the relevance map is confident and prioritiz-
ing stability when it is uncertain.

3.2.2. Semantic deviation measurement.
For each mask τ ∈ Mq , a masked image τ(x) is gener-
ated by removing the selected regions. Let ŷ = fVLM(x, q)
denote the original prediction and ỹτ = fVLM(τ(x), q) the
masked prediction. Both are projected into an embedding
space by a semantic encoder g(·), yielding zŷ = g(ŷ) and
zỹτ

= g(ỹτ ).
The semantic deviation for each mask is defined differ-

ently depending on its type (top-k or bottom-k).

dτ (ŷ, ỹτ ) =

{
1− cos

(
zŷ, zỹτ

)
, if τ ∈ Mtop

q ,

cos
(
zŷ, zỹτ

)
, if τ ∈ Mbottom

q .
(4)

As shown in Eq. (4), Top-k masking measures the drop in
semantic similarity after masking highly relevant regions,
whereas Bottom-k masking quantifies the stability of pre-
dictions when irrelevant regions are masked.

3.2.3. Utilization score.
Building upon the semantic deviations defined in Eq. (4),
the final utilization score Uq(x) aggregates the semantic
deviations from both Top-k and Bottom-k perturbations
through the adaptive factor α. It quantifies how the model’s
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Figure 4. Comparison of rendering strategies across different ex-
perts. Each column corresponds to an experts, and each row rep-
resents a rendering style.

prediction changes when query-relevant or irrelevant re-
gions are masked, providing a balanced measure of evi-
dence dependence and robustness.

Uq(x) = α · Eτ∈Mtop
q
[dτ (ŷ, ỹτ )]

+ (1− α) · Eτ∈Mbottom
q

[dτ (ŷ, ỹτ )]. (5)

In Eq. (5), the expectation operator Eτ∈Mtop
q
[·] denotes the

mean semantic deviation over all masks in each subset. Ow-
ing to the complementary definitions in Eq. (4), a higher
Uq(x) consistently indicates a more faithful and visually
grounded reasoning process. Specifically, the Top-k term
captures how strongly the model relies on question-critical
regions, where larger deviations imply stronger evidence
dependence, whereas the Bottom-k term measures how sta-
ble the prediction remains when irrelevant regions are per-
turbed. Their contributions are adaptively balanced by the
factor α, yielding a unified measure of both dependence and
robustness.

3.3. Expert Selection and Incorporation
DnR leverages Uq as a quantitative measure to guide the
selection of visual experts. Given multiple candidates
{h1, h2, . . . , hK}, each expert generates structured outputs
such as bounding boxes, masks, or depth maps, which the
LVLM cannot directly process. To make these outputs com-
patible, they are rendered onto the original image to pro-
duce x̂(j) = R(x, hj), forming rendered visual evidence.
This rendering converts the expert’s structural predictions
into visual cues (e.g., gray, blur, or highlight regions) that
the model can process through its existing vision encoder
without any architectural modification (Fig. 4).

ỹ(j) = fVLM(x̂(j), q) = fVLM(R(x, hj), q) (6)

Each ỹ(j) represents the model’s refined response obtained
by re-querying fVLM with the rendered input x̂(j) =
R(x, hj), where the rendering R(·) visually encodes the ex-
pert’s structural output onto the original image to serve as
explicit visual evidence.

Subsequently, the framework computes the query-
conditioned utilization U

(j)
q for each refined response ỹ(j)

and compares it to the baseline utilization Ubase
q obtained

from the initial draft ŷ (Fig. 1). For each expert-rendered
input x̂(j) and its prediction ỹ(j), the utilization score U

(j)
q

is re-computed by applying the original masks τ ∈ Mq to
x̂(j) and using ỹ(j) as the new baseline for Eq. (4). The
expert that yields the largest improvement is then selected:

j∗ = argmax
j

(
U (j)
q − Ubase

q

)
+
, (7)

If no expert increases Uq(x) beyond Ubase
q , the system

concludes that the draft already captures sufficient visual
grounding and skips further refinement, where (·)+ ensures
that only positive improvements over the baseline are con-
sidered.

3.4. Learned Expert Selection
Running all K experts for Eq. (7) is computationally ex-
pensive. To make DnR practical, a lightweight selector net-
work Sθ(j | s) is trained to predict the optimal expert j∗ as
defined in Eq. (7) directly from the state s.

The state s represents the query-conditioned context ob-
served before expert invocation:

s = (x, Q, ŷ, r(x | q)), (8)

where x is the image, Q the query set, ŷ the draft prediction,
and r(x | q) the relevance map. The selector Sθ is trained
with the loss

L = −Es∼D [logSθ(j
∗ | s)] . (9)

This setup enables scalable expert coordination as the
number of experts increases, where direct evaluation be-
comes linearly expensive since each candidate requires sep-
arate rendering and utilization computation. Leveraging the
utilization difference (U

(j)
q − Ubase

q ) defined in DnR, the
selector learns an approximate rule that converts the refine-
ment process from exhaustive search to direct decision.

4. Experiments
We evaluate DnR to validate the proposed Uq and its role in
multimodal reasoning. The framework performs a single-
step selection by choosing the candidate that maximizes
Uq , and experiments examine how this choice influences
accuracy, reduces hallucination, and promotes evidence-
grounded reasoning.
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VLM Backbone VQA Image Captioning Visual Reasoning Knowledge VQA Comprehensive Benchmarks

VQAv2 [12] GQA [18] VizWiz [14] TextVQA [57] OCR-VQA [44] COCO [37] NoCaps [2] Flickr [48] VCR [76] VSR [67] OK-VQA [43] A-OKVQA [54] ScienceQA [41] MME [11] MMBench [39] SEED-Bench [25]

IDEFICS [24] (Draft / DnR) 37.8 / 47.85 24.1 / 25.5 43.33 / 36.67 30.15 / 30.32 47.24 / 47.74 135.66 / 137.7 106.53 / 108.5 74.2 / 80.4 15.58 / 21.11 52.76 / 54.27 43.5 / 44.4 69 / 69.5 43.95 / 44.02 1392.11 / 1431.58 50.01 / 50.26 32.16 / 32.75
Revision Rate 29.8 1.5 19.8 2 3.2 17.8 17 18.4 18.3 2.5 2.9 0.2 0.2 0.6 0.4 0.3
Correction / Degradation 46.2 / 14.3 51.3 / 1.1 6.3 / 24.1 2.3 / 0.3 12.5 / 2.1 - - - 56.3 / 7.1 52.9 / 32.3 33.3 / 1.4 8.6 / 1.9 94.3 / 0.4 80.3 / 16.6 43.8 / 12.2 33.3 / 19.6
Pearson/Spearman 0.143 / 0.064 0.449 / 0.364 0.248 / 0.259 0.026 / 0.073 0.129 / 0.222 - - - 0.38 / 0.421 0.158 / 0.173 0.351 / 0.210 0.1 / 0.166 0.351 / 0.277 0.12 / 0.148 0.12 / 0.06 0.354 / 0.375

InstructBLIP [8] 76.4 / 77.75 38.24 / 39.77 37.83 / 38.67 52.43 / 54.1 80.4 / 81.91 114.31 / 118.7 107.8 / 109.1 72.7 / 79.8 13.07 / 12.56 61.31 / 61.81 49.2 / 50.2 79.11 / 81.09 50.5 / 52.5 1294.74 / 1295.31 51.84 / 52.89 51.46 / 53.8
Revision Rate 7.2 13 24.2 2.1 1.2 26.2 31.1 36 4.1 1.2 4.5 1.8 1.2 0.1 1.6 3.2
Correction / Degradation 9.1 / 5.4 35.3 / 1.2 16.1 / 2 52.3 / 25.25 24.5 / 3.4 - - - 13.2 / 21.3 59.9 / 33.1 39.5 / 18.4 42.9 / 28.6 77.6 / 4.3 92.1 / 4.3 55.3 / 4.4 36.4 / 9.1
Pearson/Spearman 0.243 / -0.024 0.290 / 0.286 0.290 / 0.286 0.066 / 0.076 0.426 / 0.415 - - - 0.2 / 0.204 0.444 / 0.361 0.168 / 0.09 0.136 / 0.104 0.608 / 0.421 0.152 / 0.128 0.01 / 0.02 0.062 / 0.145

MiniGPTv2 [77] 32.6 / 34.1 25.3 / 27.6 59.17 / 60.67 36.67 / 36.68 56.78 / 58.79 - - - 13.07 / 15.58 40.2 / 43.72 18.1 / 19.8 38.58 / 41.01 28.77 / 29.41 878.95 / 910.53 37.63 / 39.21 29.82 / 31.58
Revision Rate 17.5 3.1 3.8 15.5 1.8 - - - 7.2 0.8 4.5 6.8 0.2 0.2 0.4 7.6
Correction / Degradation 12.9 / 2.9 8.3 / 0.5 41.2 / 6.7 1.6 / 0.1 11.1 / 0.1 - - - 49.9 / 3.4 65.1 / 20.8 11.1 / 0.1 14.8 / 7.2 94.3 / 0.3 50.32 / 12.1 66.7 / 1.2 30.8 / 15.7
Pearson/Spearman 0.026 / 0.051 0.194 / 0.378 0.304 / 0.234 0.492 / 0.129 0.065 / 0.124 - - - 0.292 / 0.224 0.155 / 0.165 0.206 / 0.168 0.108 / 0.122 0.719 / 0.807 0.347 / 0.35 0.422 / 0.360 0.155 / 0.131

LLaVA 1.6 [38] 80.9 / 82.81 61.5 / 64.2 76.83 / 76.99 64.49 / 64.59 73.37 / 74.87 126.54 / 138.6 70.18 / 75.5 77.9 / 79.6 18.59 / 18.69 64.82 / 65.83 55.1 / 56.1 73.5 / 73.5 72.9 / 73.8 1694.74 / 1721.05 76.32 / 77.89 66.08 / 66.67
Revision Rate 5.1 4.5 1.8 1 3.9 22.8 37.1 23 0.5 0.2 2 0.8 1.4 0.4 0.5 0.3
Correction / Degradation 66.7 / 9.2 33.3 / 3.1 14.3 / 2.1 25 / 0.7 66.7 / 16.7 - - - 25.3 / 11.4 95.3 / 0.3 37.5 / 24.9 33.3 / 7.8 49.8 / 0.4 98.3 / 0.6 23.3 / 7.3 95.5 / 0.4
Pearson/Spearman 0.509 / 0.639 0.288 / 0.328 0.156 / 0.154 0.155 / 0.231 0.626 / 0.849 - - - 0.772 / 0.778 0.272 / 0.272 0.297 / 0.161 0.110 / 0.128 0.454 / 0.459 0.270 / 0.307 0.109 / 0.116 0.112 / 0.01

PaliGemma [9] 73.2 / 75.2 58.3 / 59.9 79.17 / 80.17 65.83 / 66.5 68.34 / 70.35 137.99 / 144.7 83.81 / 85.99 92.9 / 101.9 13.57 / 15.53 66.83 / 68.84 57.2 / 58.5 85.2 / 85.5 89.1 / 89.7 1434.21 / 1444.74 70.09 / 71.05 57.89 / 59.65
Revision Rate 9.2 1.5 2.8 1.2 3.5 22.6 38.2 53.2 2.2 0.9 3.2 1 0.5 0.2 0.5 4.1
Correction / Degradation 36.4 / 27.3 16.7 / 0.8 82.1 / 2.3 42.3 / 21.3 28.6 / 0.5 - - - 43.4 / 5.4 75.5 / 11.1 60.15 / 23.1 12.3 / 0.3 92.1 / 1.3 51.1 / 12.5 23.5 / 2.1 64.3 / 31.7
Pearson/Spearman 0.292 / 0.291 0.276 / 0.399 0.307 / 0.251 0.136 / 0.03 0.321 / 0.329 - - - 0.253 / 0.265 0.341 / 0.275 0.165 / 0.128 0.441 / 0.454 0.803 / 0.853 0.08 / 0.07 0.09 / 0.1 0.129 / 0.191

CogVLM [17] 82.05 / 82.85 56.13 / 57.74 48.5 / 50.33 68.51 / 69.68 82.91 / 82.91 86.57 / 94.8 80.3 / 81.7 67.7 / 70.5 12.56 / 13.29 62.81 / 65.33 58.6 / 58.6 84.5 / 84.5 61.5 / 62.22 1384.21 / 1423.68 76.84 / 77.89 58.48 / 59.06
Revision Rate 5.1 2.5 4.8 2.30 0.20 13.4 11.1 30.6 2.5 0.5 0.8 0.7 1 0.6 0.3 0.3
Correction / Degradation 66.7 / 2.3 32.2 / 1.3 5.7 / 0.4 42.9 / 28.6 1.3 / 0.1 - - - 56.3 / 19.4 99.7 / 0.1 33.1 / 4.6 3.4 / 2.1 75.43 / 21.33 66.6 / 31.1 70.1 / 2.9 98.1 / 0.3
Pearson / Spearman 0.684 / 0.735 0.223 / 0.357 0.220 / 0.136 0.318 / 0.11 0.263 / 0.28 - - - 0.110 / 0.117 0.458 / 0.456 0.500 / 0.623 0.163 / 0.14 0.499 / 0.412 0.420 / 0.470 0.01 / 0.03 0.153 / 0.227

Qwen2.5-VL [49] 83.95 / 85.45 57.02 / 58.31 73.01 / 73.83 83.92 / 84.25 72.36 / 74.86 61.96 / 64.7 71.8 / 74.2 57.3 / 55.9 30.65 / 31.66 79.9 / 80.4 58.2 / 58.3 74.4 / 76.4 86.5 / 87.1 2268.42 / 2276.32 86.05 / 86.84 80.12 / 81.29
Revision Rate 10.6 8.8 1.2 0.20 2.5 27.6 37.5 42.1 5.5 0.2 3.8 1.5 0.4 0.3 1.2 0.5
Correction / Degradation 40 / 4.3 16.7 / 8.3 41.3 / 1.0 33.3 / 5.7 89.3 / 3.4 - - - 45.5 / 18.2 93.9 / 0.3 13.3 / 6.7 33.2 / 16.8 82.4 / 5.3 65.6 / 32.1 55.5 / 42.3 29.4 / 17.6
Pearson/Spearman 0.389 / 0.509 0.136 / 0.222 0.19 / 0.224 0.230 / 0.112 0.499 / 0.425 - - - 0.637 / 0.631 0.25 / 0.25 0.02 / 0.023 0.43 / 0.467 0.644 / 0.703 0.5 / 0.5 0.188 / 0.083 0.170 / 0.07

Table 1. Comprehensive evaluation of diverse LVLMs on 16 multimodal benchmarks. Each cell reports Draft / DnR performance. Addi-
tional rows show revision rates (percentage of refined), correction vs. degradation (False→True / True→False) transitions, and correlation
coefficients (Pearson / Spearman) measuring alignment between confidence or utilization scores and accuracy changes. Cells in green
denote improvements after refinement, and those in blue indicate strong correlations (r > 0.2).

We use LLaMA-3-70B [58] as the language backbone
fLLM for query decomposition, CLIP-L/14 [50] and Sen-
tenceTransformer all-MiniLM-L6-v2 [52] as the seman-
tic encoder g(·), and CLIPSeg [42] as the visual ground-
ing model fg. Four visual experts (GroundingDINO [40],
SAM [22], DepthAnything [69], and mDETR [19]) are cho-
sen from distinct backbone families to provide complemen-
tary cues. For the Uq computation, we sample M = 16
stochastic masks per image using Gumbel-k sampling, with
the masking ratio ρ set to 0.25 for Top-k, 0.75 for Bottom-k,
and βent = βctr = 0.5 for adaptive hybrid masking.

4.1. Comprehensive Evaluation
We evaluate DnR across five categories: VQA, image cap-
tioning, visual reasoning, knowledge VQA, and compre-
hensive benchmarks, each examining a distinct aspect of
multimodal reasoning with subsets. All experiments use
the GRAY rendering strategy and Hybrid masking mode for
consistency. The utilization metric Uq acts as a unified in-
dicator connecting visual evidence to model behavior, and
its validity is tested through Pearson and Spearman correla-
tions between utilization scores and accuracy gains.

4.1.1. VQA
DnR improves visual reasoning across diverse LVLMs,
but its effect varies with each model’s baseline ground-
ing. Models with weaker visual reliance, such as
IDEFICS [24] and MiniGPT-v2 [77], show higher revision
rates (≈8.3–11.3%) and larger gains (+1.4–3.0%), indicat-
ing that DnR supplies missing visual feedback. Stronger
systems like LLaVA 1.6 [38], CogVLM [17], and Qwen2.5-
VL [49] revise less often (≈3.0–4.6%) yet still improve
(+1.1–1.5%), suggesting a stabilizing effect that refines al-
ready coherent reasoning. This contrast shows that DnR

enhances consistency while moderating excessive or insuf-
ficient visual dependence during inference.

DnR scales with each task’s visual demand. Perception-
focused benchmarks such as VQAv2 [12] and VizWiz [14]
show larger gains (1.8–2.7%), while text-centric tasks like
OCR-VQA [44] and TextVQA [57] show smaller but con-
sistent improvements (1.4–1.6%). An exception appears
in IDEFICS–VizWiz, the drop occurs because DnR pushes
the model to answer cases it previously avoided by saying
“unanswerable,” and its limited capability on these queries
naturally leads to more mistakes. A high correction-to-
degradation ratio (31.8–6.5%) and positive Pearson and
Spearman correlations (0.275/0.273) indicate that DnR
systematically shifts predictions toward more evidence-
grounded reasoning rather than random variation.

4.1.2. Image Captioning
In image captioning, where no explicit q is provided, DnR
constructs object-centric Q to explore the scene and guide
visual reasoning. The strength of improvement depends on
each model’s initial captioning bias. Models producing lin-
guistically generic descriptions, such as IDEFICS and In-
structBLIP, show moderate CIDEr gains (+2.0–4.4) at low
medium revision rates (17–36%), suggesting that DnR pri-
marily supplements missing scene-specific details. In con-
trast, PaliGemma and LLaVA 1.6 yield larger gains (+6.6–
12.1), especially on COCO [37] and Flickr [48], where
object-level grounding is emphasized. Overall, DnR pro-
motes more discriminative and visually grounded phrasing
even when baseline captions are already coherent.

COCO and Flickr show high CIDEr gains supported
by high revision frequencies (22–53%), indicating that
DnR shifts captions away from generic phrasing toward
grounded, object-centric descriptions. NoCaps [2], with
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weaker visual constraints, yields smaller but steady gains
(+1.7–5.3). A minor drop appears for Qwen2.5-VL on
Flickr (57.3→55.9) because its global pooling, amplified
by DnR’s focus on high-confidence cues, suppresses fine-
grained details. Overall, the positive correlation between
revision rate and CIDEr gain shows that DnR steers captions
toward visual fidelity rather than altering them arbitrarily.

4.1.3. Visual Reasoning
Across reasoning benchmarks, DnR strengthens both se-
mantic and spatial reasoning by aligning model decisions
with visual evidence. On VCR [76], visually weaker mod-
els such as IDEFICS and MiniGPT-v2 revise more often
(7–18%) and gain larger improvements (+2.0–5.5), show-
ing that DnR supplies missing visual cues. More visu-
ally coherent models (LLaVA 1.6, CogVLM, Qwen2.5-
VL) revise infrequently (<6%) yet still improve (+0.1–1.0),
with high Pearson correlations (0.63–0.77) indicating stable
alignment between utilization shifts and accuracy. Instruct-
BLIP shows a slight drop (-0.5%) when grounding fails to
influence its reasoning stage. Overall, DnR corrects visu-
ally under-grounded models and refines visually strong ones
without destabilizing performance.

Meanwhile, in VSR [67], where spatial relationships
dominate, revisions occur rarely (<1%) but consistently
yield measurable gains (+0.5–2.5%), showing that DnR cor-
rects spatial misinterpretations while maintaining overall
stability. CogVLM and LLaVA 1.6 achieve near-perfect
correction ratios (99.7% and 95.3%) and moderate correla-
tions (≈0.27–0.46), demonstrating that DnR fine-tunes spa-
tial grounding with minimal perturbation. Overall, DnR acts
as a dual-function mechanism reinforcing under-grounded
reasoning and regularizing over-grounded logic, thereby
improving both semantic and spatial fidelity across models.

4.1.4. Knowledge-based VQA
Across knowledge-based benchmarks, DnR reinforces per-
ceptual grounding but cannot substitute for missing concep-
tual knowledge. This limitation is evident from the low revi-
sion rates (≤6.8%) and small accuracy gains (+0.5–2.0%),
indicating that additional visual cues cannot recover facts
the model does not know. Weak grounded models, such
as IDEFICS and MiniGPT-v2, achieve higher correction ra-
tios (11–33%) despite minimal revisions, showing that DnR
helps retrieve existing knowledge previously inaccessible
due to poor visual grounding.

In contrast, stronger models like PaliGemma, LLaVA
1.6, and Qwen2.5-VL maintain steady improvements
(+0.6–1.3%) with high utilization–accuracy correlation
(Pearson/Spearman≈0.7–0.85 in ScienceQA [41]), con-
firming that their factual reasoning is already visually
aligned. A-OKVQA [54], however, shows near-zero corre-
lation (≤0.2) and minimal accuracy change, demonstrating
that when conceptual knowledge is missing, DnR offers no

benefit. In summary, the low revision activity, stable gains,
and strong correlations together confirm that DnR improves
access to existing knowledge through perceptual reinforce-
ment, not knowledge augmentation.

4.1.5. Comprehensive Benchmark
Comprehensive benchmarks evaluate overall multimodal
consistency rather than task-specific accuracy. Because
these datasets contain stable and unambiguous inputs,
DnR yields few revisions (≤2%) and small but consis-
tent gains, indicating a shift from error correction to sta-
bility refinement. Moderate utilization–accuracy corre-
lations (0.3–0.5) confirm that such adjustments are se-
lective rather than random. Across models, IDEFICS
and MiniGPT-v2 gain mainly in perception-oriented met-
rics (+31–39 in MME [11]) as DnR compensates weak
grounding, whereas stronger systems such as LLaVA 1.6,
CogVLM, and Qwen2.5-VL show minimal revision but sus-
tained coherence (>95% correction). Overall, once multi-
modal grounding stabilizes, DnR works primarily to pre-
serve consistency rather than alter predictions, defining its
operating range as stability refinement.

4.2. Hallucination

We evaluate hallucination under the highlight rendering
configuration, which emphasizes salient regions while pre-
serving context. Four benchmarks are used: HaloQuest [63]
and MMHal-Bench [75] for hallucination-oriented VQA,
VizWiz for real-world unanswerable cases, and COCO
Caption for free-form captioning. These benchmarks are
chosen because they provide detailed hallucination an-
notations rather than binary labels. Each response was
categorized as Hallucination (H), Misperception (M),
Grounded (G), or Correct (C) by ChatGPT 4o-mini [46].

DnR consistently reduced hallucinations across all
benchmarks, with absolute decreases of 1–9 pp and per-
centage drops of 8–29%. InstructBLIP (6.78 pp, 26.7%)
and Qwen2.5-VL (5.96 pp, 35.0%) showed the strongest
declines, while LLaVA 1.6 (29.1%) achieved the largest
proportional reduction. Average Misperception decreased
by 1–3 pp. InstructBLIP (-3.97 pp, -13%) and LLaVA 1.6
(-1.53 pp, -10%) showed the strongest declines, while in
CogVLM and PaliGemma, some samples shifted from hal-
lucination to misperception.

Average grounding increased by 0.6–5.9 pp across
datasets. CogVLM (+3.94 pp, +33.6%) and Qwen2.5-VL
(+6.23 pp, +22.0%) achieved the largest gains. LLaVA 1.6
and Qwen2.5-VL showed the clearest shifts from hallu-
cination to grounded responses on MMHal-Bench, while
PaliGemma exhibited a similar transition on HaloQuest.
Average correctness increased by 0.5–2 pp across bench-
marks. PaliGemma (+3.46 pp, +7.4%) and MiniGPT-v2
(+0.78 pp, +4.56%) showed the most notable gains. These
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Model HaloQuest [63] MMHal-Bench [75] VizWiz [14] COCO Caption [37]

↓H M C↑ ↓H M G C↑ ↓H M G C↑ ↓H M G↑

IDEFICS [24] 43.34/40.87 22.05/23.76 34.62/35.37 13.54/11.50 44.79/44.75 12.50/11.46 29.17/32.29 12.06/17.09 32.16/30.65 19.10/22.11 36.68/30.15 28.14/22.11 32.66/37.69 39.20/40.20

InstructBLIP [8] 33.73/33.02 20.48/21.54 45.79/45.44 35.42/28.12 38.54/45.83 9.38/8.33 16.67/17.71 23.62/18.59 23.62/26.13 20.60/22.11 32.16/33.17 37.69/23.62 29.15/34.17 33.16/42.22

MiniGPT-v2 [77] 20.22/19.42 29.75/29.52 50.03/51.06 35.42/27.08 48.96/54.17 6.25/8.33 9.38/10.42 11.56/10.55 26.13/24.85 10.05/12.06 52.26/52.54 – – –

LLaVA 1.6 [38] 26.33/25.65 13.96/14.57 59.71/59.79 8.33/4.17 26.04/26.04 21.88/23.96 43.75/45.83 1.01/0.53 13.07/17.06 20.10/16.58 65.83/65.83 24.62/20.60 29.15/30.65 46.24/48.75

PaliGemma [9] 20.67/16.41 14.96/16.63 64.37/66.96 12.50/8.33 31.25/33.33 14.58/9.38 41.67/48.96 2.01/1.11 12.56/10.45 14.57/17.09 70.85/71.36 30.65/28.14 26.63/26.13 42.72/45.73

CogVLM [17] 19.24/17.82 15.60/16.72 65.16/65.46 6.25/4.17 52.08/48.96 9.38/17.71 32.29/29.17 20.60/16.08 15.08/17.59 22.61/24.12 41.71/42.21 41.21/36.18 21.61/24.62 37.19/39.19

Qwen2.5-VL [49] 3.48/3.07 11.90/12.30 84.63/84.63 4.17/3.12 20.83/14.58 31.25/35.42 43.75/46.88 0.49/0.21 10.55/12.86 25.14/22.10 63.82/64.83 48.24/26.13 24.62/29.15 27.14/44.72

Table 2. Hallucination-benchmark comparison. Each cell reports Draft/DnR results across four hallucination-oriented datasets. Green
cells indicate reduced hallucination (H↓), while blue cells highlight improved grounding or correctness (G or C↑). Values denote the
percentage proportion of each category, where Hallucination+Misperception+Grounded+Correct=100(%).

Dataset Metric Exhaustive Policy-Driven ∆ Perf. ∆ Cost (%)

VQAv2 [12] Acc. (%) 75.2 74.9 −0.3 −72.64
COCO [37] CIDEr 144.7 143.5 −1.2 −52.72
VSR [67] Acc. (%) 68.8 68.7 −0.07 −69.97
ScienceQA [41] Acc. (%) 89.7 89.5 −0.2 −78.16
MME [11] Score 1444.7 1424.4 −20.35 −78.48

Average – 364.6 360.2 −4.42 −70.39

Table 3. Performance and cost comparison between Exhaustive
and Policy-Driven selection for PaliGemma. Both ∆ values denote
relative differences, with cost reduction reported in percentage.

results indicate modest yet consistent improvements in re-
sponse accuracy across all models.

Across all models, hallucinated responses were largely
redirected toward Misperception and Grounded cate-
gories, indicating a shift from unfounded to visually sup-
ported reasoning. A minor exception occurred on VizWiz,
where IDEFICS previously overused “unanswerable” re-
sponses; after applying DnR, its behavior became less con-
servative, leading to fewer such cases and more contextually
grounded answers, albeit with slightly lower raw scores.
LLaVA 1.6 and Qwen2.5-VL showed the strongest tran-
sitions toward grounded reasoning, while CogVLM and
PaliGemma demonstrated moderate yet consistent shifts.

4.3. Policy-Driven Expert Selection

We train an expert selector Sθ to replace exhaustive expert
evaluation. The selector is a three-layer MLP defined over
the state s in Eq. (8) and optimized with the loss in Eq. (9).
Using the query set Q instead of the raw question q im-
proves performance through stronger alignment with visual
representations. Given s, Sϕ(s) = argmaxj U

(j)
q predicts

which expert or initial draft yields the highest Uq .
PaliGemma [9] was selected for efficiency analysis as

it offered the fastest and most reliable inference across
datasets. The performance difference remained minimal
across four benchmarks (excluding MME with a distinct
scoring scale), averaging around -0.4 pp, while computa-
tional cost decreased by approximately 70% on average.
COCO exhibited the smallest cost reduction (-52.7%) since

it inherently involves more experts during generation, leav-
ing less room for pruning. Occasional mispredictions oc-
curred where the selector chose the Refine stage instead
of Draft, but these cases typically satisfied ŷ = ỹ(j) and
|U base

q − U
(j)
q | < ϵ, indicating that such swaps had negligi-

ble impact on the final outcome in Table 3.
These results demonstrate the potential of framing expert

selection as a learnable task guided by Uq . Rather than re-
maining an interpretive metric, Uq becomes a concrete ob-
jective for deciding when and how an expert should inter-
vene. This allows the framework to scale to larger and more
diverse expert pools under a unified selection criterion.

5. Discussion
In our experiments, performance gains show a clear linear
correlation with utilization, confirming that higher Uq re-
flects stronger visual grounding. However, both the abso-
lute level of Uq and its change ∆Uq vary across datasets,
architectures, and inputs. Some models maintain high but
stable Uq with little variation, indicating consistent but less
adaptive grounding, whereas others show larger ∆Uq shifts
with stronger gains. These patterns reveal distinct reasoning
behaviors and attention distributions among LVLMs. Adap-
tive normalization across domains may further improve the
interpretability and stability of Uq without manual tuning.

6. Conclusion
We presented Draft and Refine (DnR), a scalable agent-style
framework that coordinates multiple visual experts to quan-
tify and improve how LVLMs use visual evidence. DnR em-
ploys a relevance map to assess visual reliance and selects
expert-guided refinements through a lightweight, modality-
agnostic interface rather than heuristic control. Experiments
across diverse benchmarks demonstrate consistent accuracy
gains, reduced hallucination, and clearer attribution of vi-
sual reasoning. Overall, DnR provides a principled crite-
rion for evaluating and leveraging visual experts, creating
a scalable foundation for systematically integrating and ex-
panding expert-driven multimodal reasoning.
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