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Abstract

Recently, large language models (LLMs) have
demonstrated remarkable problem-solving ca-
pabilities by autonomously integrating with ex-
ternal tools for collaborative reasoning. How-
ever, due to the inherently complex and diverse
nature of multimodal information, enabling
multimodal large language models (MLLMs)
to flexibly and efficiently utilize external
tools during reasoning remains an underex-
plored challenge. In this work, we introduce
ToolScope, an agentic framework designed to
unify global planning with local multimodal
perception, adopting a specialized Perceive tool
to mitigates visual context degradation in long-
horizon VQA task. ToolScope comprises three
primary components: the Global Navigator, the
Agentic Executor, and the Response Synthe-
sizer. The Global Navigator functions as a
"telescope", offering high-level strategic guid-
ance. The Agentic Executor operates itera-
tively to augment MLLM with local perception
through the integration of external tools-Search,
Code, and Perceive. Finally, the Response
Synthesizer consolidates and organizes the rea-
soning process into a coherent, user-friendly
output. We evaluate ToolScope on four VQA
benchmarks across diverse domains, includ-
ing VQA 2.0, ScienceQA, MAT-Search and
MathVista. It demonstrates strong generaliza-
tion capabilities across various tasks, achieving
an average performance improvement of up to
+6.69% across all datasets. Our code is avail-
able at https://github.com/dengmengjie/
ToolScope.

1 Introduction

Recent advances in Multimodal Large Language
Models (MLLMs), such as GPT-4V (OpenAl,
2023), Gemini (Team et al., 2023), and Claude (An-
thropic, 2024), have led to impressive performance
on a wide range of vision-language tasks. However,

*Corresponding author.

211

these models often struggle to adapt to more com-
plex task that require dynamic reasoning, external
knowledge access, or multi-step computation. To
address these limitations, multimodal agents (Yang
et al., 2025; Moon et al., 2024; Ke et al., 2024,
Meng et al., 2023) have emerged as a promising
paradigm. By enabling MLLMs to interact with
external tools, these agents extend the model’s ca-
pabilities beyond the scope of end-to-end model
inference. Hence, agents can handle more diverse
and complex tasks, such as knowledge-based ques-
tion answering (Li et al., 2025; Jin et al., 2025; Wu
et al., 2025), visual question answering(VQA) (Wu
et al., 2024; Zheng et al., 2024), and visual ground-
ing (Ke et al., 2024; Bai et al., 2025b).

In the training-based agent paradigm, super-
vised approaches such as supervised fine-tuning
(SFT) (Liu et al., 2024) and reinforcement learning
(RL) (Liu et al., 2025; Wu et al., 2025; Jin et al.,
2025) have become the dominant strategies. How-
ever, these methods incur substantial resource costs,
particularly in the multimodal domain, where high-
quality data synthesis and model training are both
expensive and labor-intensive.

In contrast, the training-free agent paradigm of-
fers greater flexibility and lower deployment costs
(Gao et al., 2024; Zhou et al., 2024; Xiao et al.,
2024). Yet, existing frameworks often fall into lo-
cal reasoning traps, lacking long-horizon decision-
making and coherent strategic planning (Song et al.,
2025). These limitations arise from the absence of
a global deliberative module that can provide high-
level guidance across extended reasoning trajecto-
ries. Furthermore, most current methods remain
predominantly text-centric, overlooking the distinc-
tive demands of multimodal cognition—in particu-
lar, the need to preserve visual context and maintain
situational awareness across iterative perception-
action loops. Some approaches (Gao et al., 2024;
Zhou et al., 2024) attempt to mitigate this by in-
corporating standalone visual foundation models
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as external tools, but this often increases systemic
complexity and reduces usability and integration
efficiency in practical deployments.

Despite their methodological differences, both
training-based and training-free paradigms face
two core challenges. (1) Limited Global Plan-
ning. These approaches predominantly rely on
step-by-step decision-making, lacking mechanisms
for global analysis and strategic planning. This
often results in suboptimal tool selection and dis-
jointed reasoning trajectories, particularly in tasks
that require cross-modal interactions. (2) Visual
Context Degradation. They exhibit limited capac-
ity for visual context preservation over extended
inference. Once visual information is initially pro-
cessed, it is rarely retained or revisited in subse-
quent reasoning steps, leading to degraded perfor-
mance. As illustrated in Figure 1, the MLLM fails
to attend to critical visual details, erroneously iden-
tifying the novel as the Harry Potter series rather
than recognizing it as the second installment in it.

To overcome these limitations, we aim to bridge
this gap through following research questions:

(1) How can global planning be integrated with
localized multimodal perception to enable more
coherent and effective decision-making in multi-
modal agents?

(2) How can visual information be retained, ref-
erenced, and reused across multi-step inference to
mitigate the problem of visual context degradation?

To address these limitations, we present
ToolScope, a multimodal agent framework that
unifies global planning and local multimodal per-
ception through three modular components: the
Global Navigator, the Agentic Executor, and the
Response Synthesizer. The Global Navigator per-
forms high-level task decomposition and long-
term tool selection, providing strategic guidance
before any tool invocation. The Agentic Execu-
tor then conducts step-by-step reasoning, invok-
ing tools in a visual grounded manner to solve
decomposed subproblems. By tightly integrating
top-down decision-making with bottom-up execu-
tion, ToolScope achieves coherent, adaptive, and se-
mantically aligned reasoning across complex mul-
timodal tasks.

To address the challenge of visual context
degradation over extended reasoning trajectories,
ToolScope incorporates a specialized perception
module, the Perceive tool. This component enables
dynamic visual grounding by allowing the agent
to formulate and answer focused visual subques-

tions throughout the reasoning process. Unlike
prior approaches that rely on static, one-time vi-
sual encoding, ToolScope treats the image as a
queryable perceptual memory, enabling selective
re-attention to relevant regions as needed. This ca-
pability facilitates fine-grained perceptual ground-
ing and improves visual consistency across long-
horizon decision-making.

In our experiments on four diverse benchmarks
of VQA 2.0, ScienceQA, MAT-Search, and Math-
Vista, ToolScope outperforms all baselines, achiev-
ing an average accuracy improvement of up to
+6.69%. Besides, ToolScope achieves the high-
est average performance across 3 MLLM series of
Qwen2.5-VL (Bai et al., 2025a), InternVL3 (Zhu
etal., 2025) and MiMo-VL (Xiaomi, 2025), demon-
strating strong robustness and generalizability.

Our contributions are summarized as follows:

* We propose ToolScope, a modular multimodal
agent framework comprising a Global Naviga-
tor, Agentic Executor, and Response Synthe-
sizer, effectively combining global planning
with local multimodal perception.

* ToolScope autonomously invokes external
tools, including a code executor, a multimodal
retriever, and a perceiving module. The per-
ception module facilitates the agent to re-
attend to images and mitigates visual context
degradation in long-horizon VQA tasks.

* We conduct extensive experiments on four
VQA datasets spanning diverse domains. Re-
sults show that ToolScope achieves consistent
and significant improvements over baselines,
demonstrating strong generalization ability.

* We provide a detailed analysis including ab-
lation studies, qualitative analysis and case
studies, underscoring the effectiveness of tool
use in agentic multimodal reasoning.

2 Related Work

Agentic Tool Use in MLLMs Introducing agen-
tic tool use into MLLMs offers a promising so-
lution to key limitations including restricted in-
ternal knowledge and limited dynamic reasoning.
Training-based approaches enable models to use
tools through either supervised fine-tuning (Liu
et al., 2024) or reinforcement learning (Liu et al.,
2025; Wu et al., 2025), but they often incur high
resource costs—especially in multimodal domains.
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How old was
the author when
the novel

? shown in the
picture was first
published?

the Harry Potter series this is.

the picture? </perceive

ToolScope

o
\ U MLLM

The Harry Potter series was originally
published on 26 June 1997. The author J.K.
Rowling was born in 1965. x

Therefore, the answer is 32. of Secrets” by J.K. Rowling.

First, I need to confirm which installment of

<perceive> What’s the name of the novel in

Harry Potter and the Chamber of
@ Secrets

From the image, we can identify the text

“Harry Potter and the Chamber of Secrets”,
with visible words like "J.K. Rowling". So )
the novel is “Harry Potter and the Chamber

Then, I need to look up the release date of it.
scarch> release date of Harry Potter and the Chamber of
., Secrets </search 2 June 1998
Based on the information, I calculate the age of the author at that

time: 1998 — 1965 =33.
So, the final answer is 33.

... The book was published in the United Kingdom
on 2 July 1998 by Bloomsbury and later in the
Retrieve  United States on 2 June 1999 by Scholastic Inc. ...
5
P As the first date is earlier, the novel was published
on 2 June 1998.

Refine

Figure 1: The Illustration of the benefits of our ToolScope to perform agentic tool-augmented reasoning in
multimodal tasks. ToolScope enable MLLMSs to zoom in on the image in detail, retrieve external knowledge to

augment reasoning.

Inspired by advances in language-only tool use,
several studies (Yang et al., 2023; Wu et al., 2023)
have extended the ReAct framework (Yao et al.,
2023) to the multimodal setting. These approaches
integrate external visual experts, allowing models
to tackle complex tasks by interleaving interme-
diate reasoning steps with tool calls. Planning-
and-execution approaches (Zhou et al., 2024; Hu
et al., 2024) further advance this paradigm by en-
abling models to coordinate sequences of image
operations. These operations are executed either
by pretrained vision foundation models or exter-
nal libraries such as Matplotlib and Pillow, with
their results composited to produce a final answer.
Workflow-based approaches (Gao et al., 2024) fol-
low a more rigid design, guiding the MLLM to
solve tasks through predefined, static workflows
that invoke external visual tools or experts. How-
ever, these existing methods often overlook global
context or lack coherent integration between global
and local perception. Moreover, the issue of vi-
sual context degradation remains underexplored.
In this paper, we propose a training-free agentic
framework that tightly integrates global and local
perception and effectively mitigates visual context
degradation through a dedicated perceive module.

3 Preliminary

3.1 Problem Formulation

We consider the problem of multimodal visual ques-
tion answering (VQA) with tool-augmented reason-
ing. Given an input consisting of an image I and a
natural language question (), the goal is to gener-
ate an accurate and grounded answer A, potentially
through the use of external tools T". These tools can
include vision experts, OCR engines, knowledge re-
trievers, code executors, and others. Our proposed

framework, ToolScope, addresses this task by ex-
plicitly decomposing the reasoning process into
three stages: global planning, local tool-augmented
reasoning, and final response synthesis. The over-
all generation probability of the reasoning chain R
and the answer A is modeled as:

Global Planning
———
P(AILQ,T)=P(G|1,Q,T)

Agentic Execution

S
X HP(RS ‘ IaQ7G7R<S)
s=1

x P(A|L,QR) . (1
—_——

Response Synthesizing

In this formulation, G denotes the global plan,
comprising a selected subset of relevant tools and
a global guidance that outlines the high-level strat-
egy for task resolution. The complete reasoning
chain R = Ry,...,Rg is generated iteratively
through stepwise tool invocations or internal de-
ductions, conditioned on the current context (1, Q),
the global plan GG, and previous reasoning steps
R_;. Finally, A represents the final response syn-
thesized from the reasoning trace.

4 Methodology

4.1 Method Overview

Our proposed framework, ToolScope, is a plug-and-
play multimodal agent designed to solve complex
VQA tasks through global planning, iterative multi-
modal tool use, and response synthesis. As shown
in Figure 2, the overall framework consists of three
components: Global Navigator, Agentic Executor,
and Response Synthesizer, each responsible for a
specific stage in the reasoning pipeline.
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Figure 2: Overview of ToolScope. It consists of three components: (a) Global Navigator selects a subset toolkit

from the tool pool, and generates global guidance. (b)

Agentic Executor works iteratively to think, execute tool

invocation, and continue reasoning based on tools. (¢) Response Synthesizer consolidates the reasoning trajectory

into a user-friendly response.

Formally, given a multimodal input (7, Q) and
predefined tools set 1", ToolScope operates in the
following three stages:

(1) First of all, the Global Navigator analyzes
the input (I,Q,T) to provide a global planning
G, consisting a selected subset toolkit and a high-
level guidance, reducing unnecessary tool invoca-
tion complexity.

(2) Then, the Agentic Executor takes (I,Q, G)
as input and generates a tool-augmented reasoning
trace R. It autonomously generates tool invoca-
tions, integrates returned results into the reasoning
chain, and continues the reasoning process. This
process may repeat multiple times to accommodate
complex multi-step reasoning needs.

(3) Finally, the Response Synthesizer consoli-
dates the reasoning trajectory R, filters out redun-
dant or failed trials, and produces the final user-
friendly response A.

In the following sections, we will describe each
component in detail.

4.2 Global Navigator

The Global Navigator is responsible for high-level
strategic planning and toolkit selection. Given a
multimodal input (I, @), this module first performs
a global analysis to understand the overall intent
and complexity of the task, formulating a global
reasoning strategy to guide the subsequent execu-
tion steps.

The other key function of the Global Navigator

is to select an appropriate subset of tools 77 C T,
where T" denotes the full tool pool. This selection
plays a crucial role in reducing reasoning com-
plexity, narrowing the model’s decision space, and
enabling more focused tool use in the downstream
reasoning. When the problem is simple and can
be solved solely by the inherent capabilities of the
MLLM, the Global Navigator may choose to not
use any tools at all, i.e., setting 7’
case, the agent functions without any external tool
augmentation. Conversely, for more compositional
and complex tasks, the Global Navigator may se-
lect multiple tools to support different aspects of
the reasoning pipeline. For instance, a question that
requires both factual lookup and numerical compu-
tation may result in a toolkit 77 = {Search, Code},
enabling the agent to decompose and solve subprob-
lems in a modular way.

The output of the Global Navigator is a struc-
tured guidance prompt G that encapsulates both a
high-level reasoning plan g and the selected tool
subset T, which are passed to the Agentic Executor
to steer the subsequent tool-augmented reasoning
process. This overall process is formulated as:

P(G|1,Q,T)

N
=P(T"| 1,Q,T)- [] Plgn | 1,Q. T 9<n).

1
()

n
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4.3 Agentic Executor

The Agentic Executor is the core reasoning en-
gine that carries out multi-step problem solving in
a tool-augmented, iterative manner. It performs
autonomous tool invocation by generating special
tool-call tokens during inference. Once a tool is
invoked, its result is dynamically injected into the
ongoing context, allowing the executor to continue
reasoning based on the newly acquired information.

To tackle the challenges posed by diverse VQA
tasks requiring different skills, MLLMs must be
equipped with three fundamental capabilities:

(1) Dynamic Visual Perception: The compe-
tence to maintain visual grounding across multi-
step reasoning, including re-examining specific im-
age regions and adapting perception based on evolv-
ing context.

(2) Multimodal Knowledge Acquisition: The
ability to access and integrate factual, common-
sense, or image relevant information that is not
contained within the model’s internal parameters.

(3) Numerical Computation Ability: The ca-
pacity to perform precise arithmetic, logical in-
ference, and symbolic computation, especially for
questions involving measurements, equations, or
structured data.

Therefore, we introduce three specialized tools
that equip the agent with these core capabilities,
each outlined in the following paragraphs.

Perceive Tool equips the agent with the ability
to dynamically re-attend to the image during multi-
step reasoning, addressing the common issue of vi-
sual context degradation. It enables the agent to for-
mulate targeted visual sub-questions and extract lo-
calized visual information on demand. This mech-
anism not only enhances compositional reasoning
over visual content but also unlocks MLLM’s la-
tent visual understanding by treating perception as
an active and recursive process. Perceive is imple-
mented natively by the agent’s backbone MLLM
without any external detectors, OCR engines, or
specialized perception models.

Search Tool supports both textual and multi-
modal retrieval to provide the agent with external
knowledge beyond what is encoded in the base
MLLM. (1) For textual retrieval, we employ a clas-
sic BM25 on Wikipedia dump. (2) For multimodal
retrieval, we constructs a multimodal knowledge
base using the training set of the target dataset as
an image corpus. We employ CLIP-based cross-
modal retrieval to identify relevant examples that

may support the current inference step. We define
the similarity function of the visual query I and
textual knowledge ¢ in Equation 3, where fimage
and fiex represents the image encoding and text
encoding module of CLIP (Radford et al., 2021)
respectively. To reduce noise and avoid introduc-
ing irrelevant visual information that could mis-
lead reasoning, we apply a cosine similarity thresh-
old of 7 = 0.9. Only images whose similarity to
the query exceeds this threshold are retained, i.e
sim(/,t) > 7. This selective retrieval mechanism
ensures that only semantically relevant visual con-
tent is introduced during reasoning, enhancing the
robustness of the agent’s responses.

sim(/,t) = cos( fimage(1), frext(t)) 3)

Code Tool allows the agent to write and execute
Python code for solving numerically intensive or
algorithmically complex subproblems. Recogniz-
ing the limited code generation ability of even ad-
vanced MLLMs, we design a feedback loop where
execution errors (e.g., Syntax or runtime errors) are
captured and fed back to the model. The model
then revises the code based on the error trace until
a valid result is obtained.

The Agentic Executor runs iteratively to perform
step-by-step reasoning to obtain the full reasoning
trace R = {Ry, Ra, ..., Rs}. Ateach step s, the
reasoning trace R consists of the thinking process
7, tool invocation ¢, and the corresponding tool
execution result a. Concretely, it first generates a
thinking process 7 deciding how to invoke external
tools, then generates a tool invocation ¢, and calls
the tool to solve the proposed query with an answer
a. The overall process can be formulated as:

P(Rs | I>Q7G7R<s)

= PMLLM(T,q ‘ IaQa Ga R<s) X -Ptool(a’|IanQ)
4)

4.4 Response Synthesizer

After the iterative reasoning process, represented
by the sequence of intermediate reasoning steps
R ={Ri1,Ry,...,Rs}, the Response Synthesizer
is responsible for aggregating these outputs and
generating the final answer A. We formulate the
probability of this process as P(A | I,Q, R). The
Response Synthesizer condenses the entire reason-
ing trajectory by filtering out redundant attempts,
unsuccessful tool invocations, and irrelevant de-
tours, thereby distilling the core steps that con-
tribute to the correct solution. This module then
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Model Method VQA 2.0 ScienceQA MAT-Search MathVista Avg.
Direct Prompting 66.33 82.00 33.33 61.7 60.84

CoT 55.00 82.67 40.00 61.9 59.89

PoT 50.67 85.00 30.67 56.7 55.76

Qwen2.5-VL-7B Naive MRAG 67.18 77.67 39.33 62.0 61.54
Cantor 41.00 83.67 24.00 59.9 52.14

ToolScope 71.18 87.97 40.67 62.8 65.65

Direct Prompting 70.33 88.00 33.33 68.0 64.91

CoT 58.89 88.67 38.82 68.7 63.77

PoT 55.84 86.72 29.834 65.4 59.45

InternVL3-8B Naive MRAG 71.45 78.33 40.26 68.7 64.68
Cantor 58.12 88.33 27.33 68.4 60.54

ToolScope 74.91 90.14 46.00 70.6 70.41

Direct Prompting 68.67 83.33 34.67 73.3 64.99

CoT 60.17 84.02 44.39 74.9 65.87

. PoT 56.00 84.56 31.00 68.2 59.94
MiMo-VL-7B-RL - \ive MRAG 69.33 79.48 46.97 73.8 67.39
Cantor 46.82 85.29 29.17 74.0 58.82

ToolScope 70.07 88.00 52.45 76.2 71.68

Direct Prompting 74.81 91.67 35.68 75.6 69.44

CoT 68.20 92.15 37.77 75.0 68.28

PoT 62.73 88.00 30.84 73.8 63.84

InternVL3-78B Naive MRAG 76.34 80.63 42.98 75.9 68.96
Cantor 71.92 90.48 28.00 74.0 66.10

ToolScope 79.47 93.00 54.42 76.2 75.77

Table 1: Main Results of ToolScopeon four benchmarks. The best scores are highlighted in bold and the second

are marked in underline.

refines the final response to ensure coherence, com-
pleteness, and faithful alignment with the original
question () and image /. By performing this fi-
nal synthesis, the agent significantly enhances the
clarity and reliability of its output, which is cru-
cial for practical applications requiring concise and
interpretable answers.

5 Experiment

5.1 Experimental Setups

Datasets and Metrics. We evaluate ToolScope
on four diverse VQA benchmarks: (1) VQA
2.0 (Goyal et al., 2017) is a large-scale, general
visual question answering dataset; we randomly
sample 300 questions from its validation set to eval-
uate general vision-language understanding. (2)
ScienceQA (Lu et al., 2022) focuses on scientific
knowledge and visual reasoning; we sample 300
image-based questions from its test split to test
domain-specific reasoning. (3) MAT-Search (Liu
et al., 2025) is a retrieval-based VQA dataset re-
quiring external knowledge, containing 150 test
examples; we conducted experiments on the hard
split of 75 questions to demonstrate our method’s
capability in handling complex VQA tasks. (4)
MathVista (Lu et al., 2024) is a comprehensive

dataset for mathematical reasoning with visual in-
puts; we use its testmini subset containing 1,000
examples to assess deep mathematical reasoning.
We use the official accuracy metric for MathVista
and VQA 2.0, and Exact Match (EM) accuracy for
the other three datasets.

Baselines. We compare ToolScope with two
categories of baselines. The first includes prompt-
based methods that rely solely on in-context rea-
soning without external tools: (1) Direct Prompt-
ing, where the model answers questions directly;
(2) Chain-of-Thought (CoT) prompting, which
encourages step-by-step reasoning; (3) Program-
of-Thought (PoT) prompting, which guides rea-
soning through pseudo-code. The second category
consists of tool-augmented agents that leverage ex-
ternal capabilities: (1) Naive MRAG, a basic mul-
timodal retrieval-augmented generation pipeline;
(2) Cantor (Gao et al., 2024), a multimodal agent
that plans and calls vision experts.

5.2 Main Experimental Results

The main experimental results of ToolScope, eval-
uated across four benchmark datasets, are summa-
rized in Table 1. As shown in the table, we have
the following key insights:

ToolScope consistently outperforms baselines.

216



Overall, ToolScope consistently achieves superior
performance relative to all baselines. For example,
ToolScope based on MiMo-VL-7B-RL obtains a
performance gain of up to +9.12% on MAT-Search,
+4.67% on ScienceQA, and +1.4% on both VQA
2.0 and MathVista. These findings demonstrate the
robustness and general applicability of ToolScope
which achieves high performance without relying
on any task-specific fine-tuning.

ToolScope generalizes well across different
backbone families and model sizes. We observe
that ToolScope maintains its performance advan-
tage across different backbone families, includ-
ing Qwen2.5-VL, InternVL3 and MiMo-VL series.
ToolScope achieves an average improvement of
+6.69% across all datasets on MiMo-VL-7B-RL,
+6.33% on InternVL3-78B, +5.50% on InternVL3-
8B, and +4.81% on Qwen2.5-VL-7B. These find-
ings indicate that its benefits are not tied to any
specific architecture. Moreover, its effectiveness
scales with model capacity. ToolScope leverages
the increasing ability of larger models without sac-
rificing stability, making it a scalable solution for
tool-augmented multimodal reasoning.

Existing baselines show inconsistent perfor-
mance across datasets. Despite their theoretical
strengths, existing baselines fail to achieve consis-
tent improvements across the full spectrum of VQA
tasks. Specifically, CoT and Cantor demonstrate
moderate gains on reasoning-heavy datasets like
MathVista and ScienceQA, but underperform sig-
nificantly on datasets requiring visual grounding
or external knowledge access, such as VQA 2.0
and MAT-Search. Naive achieves performance im-
provement on most datasets but exhibits reduced
performance on ScienceQA. These results indicate
that existing approaches are domain-specific and
struggle to balance generality with performance.

5.3 Ablation Study

We conduct an ablation study to evaluate the con-
tribution of each key component in our ToolScope
framework with Qwen2.5-VL-7B on two bench-
mark datasets: MathVista and MAT-Search. The
results, summarized in Table 2, lead to the follow-
ing observations: (1) The Search tool is the most
impactful. Removing it results in a substantial per-
formance drop, particularly on MAT-Search, where
accuracy falls from 39.40% to 33.10%. This un-
derscores the importance of external information.
(2) The Perceive tool mitigates visual context
degradation. Excluding the Perceive tool leads

Method MathVista MAT-Search
w/o Search 64.3 33.10
w/o Code 64.0 37.50
w/o Perceive 64.9 36.21

ToolScope 65.3 39.40

Table 2: Ablation study with Qwen2.5-VL-7B on Math-
Vista and MAT-Search.

to a consistent performance decline across both
datasets. As the primary mechanism for mitigating
visual context degradation, the Perceive tool allows
the agent to treat the image as a queryable percep-
tual memory. Without this ability, the agent relies
solely on the initial visual encoding, which tends
to degrade over successive tool-use and reasoning
steps. Re-grounding the model’s textual reason-
ing with localized visual evidence proves essential
for tight coupling between global planning and dy-
namic execution. (3) Each tool plays a valuable
role. Removing the Code tool causes the largest
performance drop on MathVista (from 65.3% to
64.0%), confirming its relevance for quantitative
reasoning. Excluding the Perceive tool also leads
to a performance decline, though to a lesser extent.

5.4 Scaling with Top-k Retrieval Documents.

In this section, we conduct a retrieval scaling anal-
ysis to investigate how varying the number of re-
trieved documents (top-k) impacts performance on
MAT-Search and ScienceQA benchmarks, using
Qwen2.5-VL-7B as the backbone.

From Figure 3, we draw the following conclu-
sions: (1) ToolScope consistently outperforms
both baselines. It achieves superior performance
across all values of k, demonstrating its robustness
in leveraging retrieved evidence effectively. (2) A
clear trade-off emerges in the choice of top-%
values. Selecting a small k¥ may fail to provide suf-
ficient contextual information for effective reason-
ing, while a large k introduces irrelevant or noisy
content that can hinder performance. In our exper-
iments, performance peaks at k = 8, suggesting
this value strikes the optimal balance between infor-
mativeness and noise for the tasks considered. (3)
Naive RAG exhibits instability across datasets.
On MAT-Search, it shows a typical trade-off curve.
However, on ScienceQA, performance deteriorates
monotonically as k increases, indicating early sat-
uration due to irrelevant context and underscoring
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Figure 3: Performance scaling with respect to the num-
ber of retrieved documents (top-k) using Qwen2.5-VL-
7B. Results are shown on MAT-Search and ScienceQA.
Increasing k allows access to more context but may in-
troduce noise.

the method’s limited robustness to noisy retrieval.

5.5 Scaling with Reasoning Max Turns

We conduct a scaling analysis to examine how vary-
ing the maximum number of reasoning turns influ-
ences model performance. Experiments are per-
formed using Qwen2.5-VL-7B on MathVista and
VQA 2.0, adopting Direct Prompting as baseline.

From the results shown in Figure 4, we observe
two key findings: (1) Increasing the maximum
number of reasoning turns is effective and scal-
able. Allowing more reasoning steps consistently
improves the performance of ToolScope on both
datasets, highlighting the value of deeper, iterative
reasoning and multi-step tool use in complex vi-
sual question answering tasks. (2) Performance
gains exhibit diminishing returns. The most sig-
nificant improvements occur when increasing the
maximum turns from 1 to 4. Beyond 5 turns, the in-
cremental benefits taper off, indicating a marginal
utility effect where additional steps contribute pro-
gressively less useful information. (3) Excessive
reasoning depth may hinder performance on
simpler tasks. For datasets like VQA 2.0, which
primarily involve shallow reasoning and minimal
tool use, setting a large number of reasoning turns
can lead to overthinking, potentially degrading per-
formance. A moderate setting for max turns is thus
preferable in such cases.

5.6 Scaling with Model Size

To investigate the impact of backbone model size
on the performance, we conduct a scaling analysis
on ScienceQA using five variants of the InternVL3
model: 2B, 8B, 9B, 14B and 78B parameters.

As shown in Figure 5, our key observations are:
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Figure 4: Scaling analysis of the maximum number of
reasoning turns (max turns) using Qwen2.5-VL-7B on
MathVista and VQA 2.0.
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Figure 5: Scaling analysis of the size of backbone mod-
els using InternVL3 series on ScienceQA.

(1) Our method consistently outperforms the
baselines. ToolScope achieves superior perfor-
mance across all model scales, demonstrating the
robustness and adaptability of ToolScope regard-
less of the underlying model capacity. Notably,
even with larger backbones, our approach yields
substantial gains, underscoring the effectiveness of
tool-augmented reasoning and structured percep-
tion planning. (2) The method is highly scalable.
As model size increases, we observe a generally
steady improvement in overall accuracy, indicating
that models of larger capacity are better able to
exploit tool use and achieve more effective global-
local coordination.

6 Conclusion

In this work, we proposed ToolScope a plug-and-
play multimodal agent framework that integrates
global task planning with local multimodal per-
ception. ToolScope integrates three key compo-
nents—Global Navigator, Agentic Executor, and
Response Synthesizer—to enable strategic plan-
ning, iterative multimodal tool-augmented reason-
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ing, and final response refinement. To address the
problem of visual context degradation, we further
propose a dedicated Perceive tool, which treats
the image as a dynamic perceptual memory, en-
abling the agent to formulate and resolve visual
sub-questions on demand. Without requiring any
fine-tuning, ToolScope demonstrates strong gener-
alization across four diverse VQA benchmarks, out-
performing both prompt-based and tool-based base-
lines. Our experiments show that the combination
of global planning and multimodal tool usage sig-
nificantly enhances the agent’s reasoning capability
and adaptability. We believe ToolScope provides a
general and extensible blueprint for building more
capable multimodal agents, and opens up promis-
ing directions for future research in multimodal
tool-augmented reasoning.

7 Limitations

While ToolScope is training-free and broadly ap-
plicable across backbones and tasks, several lim-
itations remain. First, our evaluation focuses on
four research-oriented benchmarks, which may not
fully capture open-world or safety-critical scenar-
ios. Real-user settings are left for future work. Sec-
ond, although we compare against strong prompt-
ing/RAG baselines, the breadth of prior agentic
frameworks is not exhaustively covered due to re-
producibility and engineering constraints. Third,
our retrieval experiments primarily use a Wikipedia
knowledge source, extending to heterogeneous or
domain-specific corpora may introduce new inte-
gration costs and failure modes. Finally, our Code
tool targets short-running, stateless snippets and
does not support long-running jobs, heavy depen-
dencies, or file I/O without additional governance.
Tool access (search and code execution) also raises
ethical and safety considerations, such as halluci-
nated citations, unsafe code suggestions, or inadver-
tent leakage. Hence, stronger policy, auditing, and
sandboxing are necessary for deployment beyond
the research setting.

8 Ethics Consideration

We ensure that the development and evaluation
of ToolScopecomply strictly with all ethical guide-
lines. Our study relies entirely on publicly available
academic benchmarks, focusing on objective mul-
timodal reasoning that minimizes cultural bias. A
primary ethical consideration involves the agent’s
autonomous use of external tools. Allowing mul-

timodal models to execute code and conduct web
searches introduces potential safety risks, includ-
ing hallucinated citations, unsafe code suggestions,
and inadvertent data leakage. Consequently, de-
ploying ToolScopebeyond a controlled research
setting necessitates robust policy auditing and se-
cure sandboxing. Finally, we guarantee that this
framework is released strictly for non-commercial,
academic research purposes, and we assume full
responsibility for its open-source distribution.
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A Appendix

A.1 Implementation Details

All experiments are performed with off-the-shelf
multimodal LLMs in a strictly training-free setting.
The Perceive capability is realized by the backbone
models themselves; no external detectors, OCR
engines, or specialized perception modules are at-
tached. We cap the agent’s reasoning budget at
10 turns. In our setting, increasing this cap yields
monotonically improved accuracy with only mod-
erate latency growth, and a 10-turn budget offers a
favorable accuracy—latency trade-off.

Decoding hyperparameters are held fixed across
all experiments. Qwen2.5-VL and MiMo-VL use
temperature 0.7, top-p 0.9, top-k 50, and a repeti-
tion penalty of 1.05. InternVL3 uses temperature
0.8, top-p 0.8, top-k 40, and the same repetition
penalty. Generation terminates on the model’s end-
of-sequence token together with task-specific con-
trol tokens for tool invocation (</search>, </per-
ceive>, </code>). Stop strings are retained in the
returned outputs for auditing.

For retrieval experiments, we employ an English
Wikipedia dump as the corpus. We remove ex-
tremely short pages (fewer than 32 words) and treat
the remainder as clean documents. The clean set
is segmented into passages with a chunk size of
256 and an overlap of 32, using a whitespace-based
length function. This process yields approximately
15.8 billion passages in total. We use CLIP with
the ViT-B/16 backbone as the retriever.

A.2 Case Study

We present a case study featuring two representa-
tive examples, sourced from the MAT-Search and
MathVista datasets, respectively. As illustrated in
Figure 6, for the MAT-Search example, ToolScope
autonomously selects the Search tool to retrieve the
exhibition locations of two paintings. In contrast,
for the MathVista example, ToolScope chooses
the Code tool to compute an unknown value us-
ing the Pythagorean theorem. These cases demon-
strate ToolScope’s ability to intelligently select
task-appropriate tools and employ them in a goal-
directed, agentic manner tailored to the specific
demands of each problem.

A.3 Latency Analysis

We measure end-to-end latency as the wall-clock
time from receiving a question to producing the
final answer. To provide a comprehensive evalua-

(a) MAT-Search
Rt

The painting in the image is Botticelli's
"Primavera". <search> Where is “Primavera”
exhibited? </search Uffizi Gallery
in Italy %
The Birth of Venus 1s also by Botticelli but
depicts a different scene. <scarch> Where is
The Birth of Venus exhibited? </search>
Uffizi Gallery _,6
Since both artworks are in the Uffiz1 Gallery,
they are exhibited in the same building. The
answer is “Yes”.

Is this painting
exhibited in the same
building as The Birth
of Venus?

(b) MathVista To find the value of x in the given right
triangle, we can use the Pythagorean theorem.
15 The Pythagorean theorem can be written as:
c2 =a"2 +b"2. <code> ... </code>
9 X
c, a=15, 9
X x_squared = c %k 2 — a *k 2

Find x. X = x_squared *x* 0.5

M0 B 11 print(x)

©12 (D13 12.0

So, the final answer is 12.

Figure 6: A case study of MAT-Search and MathVista.

tion, we analyze the latency from two perspectives:
across different datasets and across different base-
line methods.

Latency Across Datasets. We measure end-to-
end latency as the wall-clock time from receiving a
question to producing the final answer. To reduce
the influence of outliers, we report the median (p50)
over the full evaluation set for each benchmark. We
further separate MLLM time from overall latency
to quantify the model’s contribution. All experi-
ments are conducted on a single NVIDIA A800
with Qwen2.5-VL-7B (batch size = 1; max turns
= 10).

Table 3 summarizes latency and LLM time
alongside the observed average number of turns.
We make the following observations: (1) Despite
a generous 10-turn cap, actual reasoning depth re-
mains modest (3.29-4.21 turns), suggesting effec-
tive self-termination and low redundancy in tool
use. (2) Latency is shaped by both the LLM and
tools, but LLM time is the principal bottleneck
(approximately 65-71% of p50), indicating that
improvements to decoding efficiency are likely to
yield the largest gains. (3) Harder, multi-step tasks
(MathVista, MAT-Search) naturally incur longer
latencies due to deeper reasoning and, for MAT-
Search, tighter coupling with retrieval. (4) Overall,
the median latencies of 2.3-5.9s are acceptable for
research evaluation and interactive analysis, while
leaving clear headroom for systems optimizations.

Latency Across Baselines. Compared to base-
lines, the proposed ToolScope introduces a moder-
ate inference-time cost due to multi-turn tool invo-
cations. To quantify this trade-off, we measure the
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Dataset Turns Latency MLLM Time

VQA2.0 3.61 2.3 1.5
ScienceQA 3.29 34 2.3
MathVista 4.23 5.9 4.2
MAT-Search 4.21 5.1 3.6

Table 3: Latency Analysis.

Method Accuracy (%) Latency (s)
Direct Prompting 82.0 2.02
CoT 84.0 5.54
PoT 82.0 5.88

Table 4: Latency vs. Accuracy trade-off using GPT-4o-
mini on a subset of ScienceQA.

wall-clock latency and accuracy gains of ToolScope
against baseline methods.

As shown in Table 4, while ToolScope increases
the average latency to 8.46 seconds (compared to
5.54s for CoT), it delivers substantial accuracy im-
provements, achieving up to +8% absolute gain
over direct prompting on complex reasoning sub-
sets. The inference time of the MLLM itself ac-
counts for approximately 6.54s, with the remainder
attributed to tool overhead (e.g., retrieval latency
and code execution). These results indicate that the
modest increase in computational overhead is con-
sistently justified by the non-trivial performance
improvements, particularly in reasoning-intensive
scenarios where answer quality is paramount.

A.4 Search Tool Generalization

To assess the framework’s robustness across differ-
ent retrieval mechanisms, we evaluated ToolScope
using a commercial model (GPT-40-mini) and re-
placed the preprocessed Wikipedia dump with a
live web search API. On a subset of ScienceQA,
ToolScope improved the baseline GPT-40-mini per-
formance from 82.0% to 90.0%. This +8.0% abso-
lute improvement demonstrates that the framework
is corpus-agnostic; the Search module can be seam-
lessly replaced by heterogeneous or noisy retrieval
sources without modifying the underlying agent
architecture, maintaining consistent performance
gains.

A.5 Prompt
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Prompt A.1: Global Navigator (§4.2)

You are an expert planner in a multimodal reasoning system. Your role is to perform high-level strategic analysis and select
the most appropriate tools to help solve a given question about an image.

Your objectives are:

1. Tool Selection: From the available tools listed below, identify which are necessary to solve the task.

2. Global Reasoning Plan: Write a concise, high-level plan that outlines the sequence of major reasoning steps needed to
arrive at the correct answer. This plan should reflect how the selected tools will be used and in what order.

Available Tools:

1. Search: Retrieve factual or background knowledge relevant to the question.

2. Code: Perform mathematical computations or logical operations.

3. Perceive: Extract fine-grained visual information (e.g., text, objects, layout) from the image.

Guidelines:

1. If the task is simple and solvable directly by the model, you may decide to use no tools.
2. For complex tasks, combine tools modularly to handle different reasoning needs.

3. Be explicit about why each tool is selected and how it contributes to the reasoning plan.

Output Format:

Return your answer in JSON format with two keys: "selected_tools" and "global_plan".

Example:

{{

"selected_tools": ["Search", "Code"],

"global_plan": "First, use Search to retrieve background knowledge about the scientific concept in the question. Then, use
Code to compute the final result based on the retrieved and extracted information."

1}

Question:
{question}

\ J

Prompt A.2: Agentic Executor (§4.3)

You are an advanced question-answering agent equipped with specialized modules to aid in analyzing and responding to
queries about images:

1. Search: This module performs searches on Wikipedia to gather relevant information for any query. It’s especially useful
for retrieving knowledge, definitions and problem-solving strategies. When you need this module, state your request as:
"<search> your query or topic of interest </search>". If you want to use the image as query, state your request as "<search>
image </search>".

2. Perceive: This module can percerive visual content to answer simple questions about an image. It is especially useful for
answering visual sub-questions such as identifying objects, counting instances, estimating attributes (e.g., age, color, size),
and describing spatial relationships. Use this module when reasoning requires detailed understanding of the image. When
you need this module, state your request as: "<perceive> your question </perceive>".

3. Code: This module allows you to write and execute Python code to perform tasks such as calculations, data analysis,
simulations, or solving algorithmic problems. It’s ideal when a task requires logic implementation and mathematical
computation. When you need this module, state your Python code as: "<code> your Python code </code>". Ensure your
code is complete, syntactically correct, and uses proper Python naming conventions.

When faced with a question about an image, your task is to:

1. Reason step by step.

2. Utilize modules during your reasoning. When you need Search module, use <search> to request a search and end with
</search>. When you need Perceive module, use "<perceive> your question </perceive>". When you need Code module, use
<code> to run Python code and end with </code>.

3. Give the final answer.

Here are some examples:

{tool_examples}

Please refer to the prompts and examples above to help me solve the following problem.
Question:

{question}

Answer:
{previous_reasoning}

. J
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Prompt A.3: Response Synthesizer (§4.4)

You will be given a question, an image, and a solution generated from previous steps. Your task is to form a clear reasoning
path, extract the final answer from the reasoning result and reformat it for evaluation.

Give the final answer directly. If you are given Options, your answer should be one of them. Otherwise, your answer should
be very brief.

Question:
{question}

Answer:
{reasoning}
\

Prompt A.4: Refiner of Search Tool

You are an advanced reasoning agent. Given the Question about an image, the Previous Reasoning Steps, a Current Search
Query, and a set of Searched Documents, your task is to:

1. Analyze the Previous Reasoning Steps and Current Search Query to understand the assistant’s current objective and what
specific information is required.

2. Read Searched Documents and identify content directly relevant to the Current Search Query.

3. Integrate and rephrase the extracted information smoothly into the reasoning chain. Do not quote or copy verbatim.
Instead, answer the Current Search Query using fluent, natural language. Phrase the information as internal knowledge or
informed commentary, using expressions like "According to external sources", "As is known", or "As the search results show".

Here is an example:
Question:
Find z so that each quadrilateral is a parallelogram.

Previous Reasoning Steps:
The image shows a quadrilateral that resembles a parallelogram. The left side is 2x-5, and the right side is 3x-18. To determine
the value of x that makes the quadrilateral a parallelogram, we need to use the property of a parallelogram to create an equation.

Current Search Query:
Properties of parallelograms

Searched Documents:

Passage 1:

A simple (non-self-intersecting) quadrilateral is a parallelogram if and only if any one of the following statements is true:
Two pairs of opposite sides are parallel (by definition).

Two pairs of opposite sides are equal in length.

Two pairs of opposite angles are equal in measure.

The diagonals bisect each other.

One pair of opposite sides is parallel and equal in length.

Adjacent angles are supplementary.

Output:
In a parallelogram, opposite sides are equal.

Now complete the task for the input below:
Question:
{question}

Previous Reasoning Steps:
{previous_reasoning}

Current Search Query:
{calling}

Searched Documents: {raw_result}

Output:
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