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Abstract

We introduce VisualToolAgent (VisTA), a new reinforcement
learning framework that empowers visual agents to dynam-
ically explore, select, and compose tools from a diverse
library based on empirical performance. Existing methods
for tool-augmented visual reasoning either rely on training-
free prompting or large-scale supervised fine-tuning; both
lack active tool exploration and typically assume limited
tool diversity, and fine-tuning methods additionally demand
extensive human supervision. In contrast, VisTA leverages
end-to-end reinforcement learning to iteratively refine so-
phisticated, query-specific tool selection strategies, guided
solely by task outcomes. Leveraging reinforcement learn-
ing with verifiable rewards (RLVR), our framework enables
an agent to autonomously discover effective tool-selection
pathways without requiring explicit reasoning supervision.
Experiments on the ChartQA, Geometry3K, MathVerse, and
BlindTest benchmarks demonstrate that VisTA achieves sig-
nificant performance gains over training-free and fine-tuning
baselines, especially on out-of-distribution examples. These
results highlight VisTA’s ability to enhance generalization,
adaptively utilize diverse tools, and pave the way for flexible,
experience-driven visual reasoning systems. Project website:
https://oodbag.github.io/vista_web/.

1. Introduction

Recent advances in Large Language Models (LLMs) [2,
10, 60] and Vision Language Models (VLMs) [27, 33, 67]
have unlocked impressive capabilities across tasks such as
mathematical problem solving, code generation, and visual
question-answering. However, these models are still inher-
ently limited by the static nature of their architectures and the
fixed information stored in their weights. To overcome these
constraints, recent work explores augmenting LLMs and
VLMs with external tools [11, 18, 20, 22, 25, 47, 55], dra-
matically expanding their functionality. Tool augmentation
enables access to expert knowledge sources and dynamic
computation, such as invoking a Python interpreter for self-
verification, thereby enhancing reasoning performance on
complex tasks.
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Figure 1. Overview of VisTA. (Top) Our method trains an agent
to autonomously discover effective combinations of visual tools
without human supervision. (Bottom) By decoupling the agent
from the reasoner, the learned policy can be seamlessly integrated
with a wide range of reasoning models.

However, the current paradigm for tool integration faces
significant limitations in both LLMs and VLMs. Current
approaches typically either rely on large-scale fine-tuning
with human supervision to teach LLMs how to invoke
tools [35, 51] or depend purely on the LLMs’ internal
world knowledge in a training-free manner [20, 25, 41].
These methods often rely on tool demonstrations [35, 51]
or detailed tool descriptions to instruct LLMs on their us-
age [25, 41]. As a result, they lack the ability to automat-
ically explore, select, or adapt tool choices based on the
specific characteristics of each query, particularly when mul-
tiple tools of the same type with varying capabilities are
available which is common in real world settings. The chal-
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lenge is particularly pronounced when integrating tools with
unknown, partially documented capabilities or inconsistently
performing capabilities, where actual performance may dif-
fer from descriptions. When retrieving tools from diverse
sources, the LLMs lack comprehensive knowledge of their
strengths and weaknesses. Without a mechanism for ex-
periential learning, the system cannot determine optimal
tool selection or discover synergistic tool combinations that
might emerge through collaborative deployment.

In realistic applications, tools vary substantially in func-
tionality and applicability across different problem domains.
Within each tool category, individual implementations ex-
hibit varying capabilities that make them differentially effec-
tive across contexts. This presents a sophisticated decision-
making challenge ideally suited for reinforcement learning
(RL) [56]. RL’s intrinsic exploration-exploitation mecha-
nism enables agents to systematically assess and adaptively
identify the most effective tools based on empirical perfor-
mance rather than pre-specified rules. Through iterative
interactions with its environment, an RL agent can learn
adaptive strategies that dynamically adjust tool combination
based on specific queries, or even potentially discover non-
obvious tool utility patterns that may not be apparent from
tool descriptions alone.

Therefore, we introduce a new RL framework, Visual-
ToolAgent (VisTA), that trains autonomous agents to in-
telligently select optimal tools from multiple available op-
tions. Unlike training-free [20, 25, 41] and fine-tuning ap-
proaches [35, 51], our RL-based method inherently sup-
ports exploration-exploitation mechanisms, allowing agents
to systematically experiment with various tool combinations
through iterative interactions. In this work, we focus on
the visual reasoning task. Our framework consists of an
autonomous agent that learns through end-to-end RL train-
ing to dynamically select optimal tools for guiding a fixed
VLM in solving complex visual reasoning problems. VisTA
supports both efficient single-shot tool selection, where all
tools are chosen in one step, and multi-turn tool refinement,
where the agent incrementally updates its tool choices across
multiple interactions based on intermediate observations and
task feedback. The reasoner gradually constructs the final
answer conditioned on accumulated tool outputs, and gener-
ation halts either through early stopping or upon reaching a
fixed interaction budget.

Critically, our framework allows the VLM itself to remain
frozen during RL training, which means that the agent’s
learned selection strategies can be transferred to different
reasoning models without retraining, a critical advantage
for deployment flexibility. Our framework employs rein-
forcement learning with verifiable rewards (RLVR) to enable
our agent to autonomously discover effective tool-selection
pathways entirely from scratch, without explicit reasoning
examples. For a detailed look at how the agent performs

inference and selects tools in practice, see the examples in
Fig 6; more cases appear in the Supp.

We evaluate our method on five visual reasoning
benchmarks: ChartQA [43], its out-of-distribution variant
ChartQA-OoD, Geometry3K [39], MathVerse [70], and
BlindTest [49]. These datasets span a diverse range of reason-
ing settings, including chart-based analysis, diagrammatic
reasoning, mathematical question answering, and spatially
grounded visual understanding. Our experimental results
show that the proposed RL-based approach significantly out-
performs both training-free and fine-tuning methods. The
performance gap further widens on the more challenging
ChartQA-OoD benchmarks, demonstrating VisTA’s superior
ability to generalize to novel visual scenarios and maintain
robustness under distribution shifts.

2. Related Work

Tool-Augmented Reasoning. LLMs have shown signifi-
cantly improved reasoning capabilities when augmented with
external tools such as search engines [29], calculators [12],
and Python interpreters [11, 18]. Programming-based ap-
proaches [11, 18], for example, integrate Python interpreters
to simplify intermediate steps and validate final outputs, en-
hancing accuracy on mathematical tasks. Similar strategies
have been adopted in the visual domain. Recent VLM meth-
ods [22, 25, 55] generate Python code to invoke specialized
vision modules, decomposing complex visual tasks into sim-
pler sub-tasks, each addressable by dedicated vision tools.
However, existing approaches often rely on human demon-
strations or annotations [35, 51], or operate in a training-free
manner using only the model’s internal knowledge [25, 41].
These methods typically offer limited tool diversity and de-
pend heavily on explicit tool descriptions [25, 35, 41, 51],
lacking the capacity to autonomously explore or adapt tool
use to specific queries. In contrast, our proposed VisTA
framework enables VLMs to autonomously explore and se-
lect tools based on empirical performance, without human-
designed priors. By training an agent with RL, VisTA discov-
ers context-dependent tool selection policies that adaptively
tailor tool usage to the nuanced requirements of each visual
reasoning task.

Reinforcement Learning for Enhanced Reasoning. RL
has shown strong potential in enhancing complex reason-
ing abilities and enabling inference scaling. Models like
OpenAI’s o1 [46] and DeepSeek-R1 [21] have achieved no-
table success in tasks such as mathematical problem solving
by leveraging long chain-of-thought (CoT) [61] reasoning.
These models excel at strategies like mistake correction, step
decomposition, and iterative refinement, resulting in more
structured and extended reasoning. Recently, several stud-
ies [26, 37] have adapted the DeepSeek-R1 framework to
visual reasoning, training models to generate CoT-based out-
puts directly from visual inputs. While these approaches

4784



focus on finetuning the reasoning model itself to perform
end-to-end visual inference, our work takes an orthogonal
perspective. Instead of modifying or retraining the reason-
ing model, we propose to train an autonomous agent that
reasons about which tools to select to best assist a frozen
reasoning model in solving a given query. By learning to
select supportive tools based on each query, our agent en-
hances performance without altering the model’s internal
parameters (thereby preserving generalization to other tasks).
This design also ensures broad compatibility across differ-
ent visual reasoning models and offers a flexible, modular
strategy for improving multimodal reasoning systems. Re-
Tool [15] is a concurrent work that uses RL to teach LLMs
to invoke code execution tools for text-based reasoning. Sim-
ilarly, models like OpenAI’s o3 [28] demonstrate an ability
to “think with images” by dynamically applying a limited
set of visual tools, such as zooming or flipping, to improve
visual understanding In contrast, our work tackles the chal-
lenging setting of visual reasoning with diverse tool choices,
requiring agents to adaptively select the most effective tools.

Visual Reasoning Tasks. Some visual reasoning tasks,
such as depth estimation and spatial reasoning [16], can be
effectively solved using straightforward, specialized tools
like depth estimators or object detectors. In contrast, we tar-
get more complex and cognitively demanding tasks, where
optimal tool selection is query-dependent and may not be
obvious. Chart understanding [40, 43] is a challenging task
and a strong indicator of visual reasoning capabilities. It
requires models to process numerical data, textual labels,
and complex visual structures, often demanding precise
quantitative reasoning (e.g., measuring bar heights). Ge-
ometry questions [39, 40, 70] pose a similarly demanding
challenge, requiring fine-grained diagram understanding fol-
lowed by text-based reasoning grounded in visual details.
BlindTest [49] evaluates an orthogonal aspect of visual rea-
soning: fine-grained spatial perception on extremely simple
images, such as counting intersections, where many state-of-
the-art VLMs surprisingly fail despite the tasks being trivial
for humans. The strong performance of our method across
these benchmarks highlights the benefit of learning a tool-
selection policy capable of adjusting to the visual demands
of each query.

3. Method

In this section, we present VisTA, a reinforcement learning
(RL) framework for tool-augmented visual reasoning. In
contrast to previous methods that rely on training-free or
fine-tuned strategies, VisTA empowers an agent to learn how
to select tools through trial-and-error interaction, without
requiring manual supervision. By harnessing the exploration-
exploitation dynamics of RL, the agent adaptively chooses
from a wide array of tools based on performance feedback.
Notably, the core reasoning model is kept fixed, allowing

Figure 2. Multi-turn Policy Optimization. For each query, the
agent selects tools from a unified pool and feeds their outputs to a
frozen reasoner. The reasoner provides a scalar confidence, which
the agent uses to decide whether another refinement turn is needed.
This iterative interaction continues for up to three rounds during
training. Rewards derived from the final prediction are used to train
the multi-turn tool-selection policy.

the learned tool-selection policy to transfer across different
reasoning backbones without the need for additional training.

3.1. Problem Formulation

Let (q, I) denote a vision-language query, consisting of an
image I and an associated text query q, sampled from a
task distribution D. We consider a setting with a frozen
vision-language model (the reasoner) fω and a library of
external tools T = {T1, . . . , TM}, where M is the total
number of available tools. These tools span a heterogeneous
set of vision modules drawn from all tasks, including chart-
analysis tools, diagram parsers, mathematical tools, object
detectors, depth estimators and other specialized perception
tools. Many tool types include multiple variants with differ-
ent capability levels, reflecting realistic settings where tools
differ in accuracy and robustness rather than function alone.
The details of all the tools can be found in Supp.

We define the agent’s observation or state for the first
round as s1 = (q, I), encompassing both the image and its
corresponding query. Our objective is to learn a selection
policy ωε(t | sr), implemented as a vision-language model
(the agent), that determines which tools to deploy at round r.
In the single-turn case (r = 1), the policy outputs a sequence
of selected tools t1 = →T (1)

, . . . , T
(K)↑ with T

(i) ↓ T .
Here K ↔ M adaptively varies with task complexity.

For the multi-turn setting introduced later, the agent’s
state at round r > 1 additionally includes the history of the
agent’s past decisions and the reasoner’s feedback, denoted
as {(t1, c1), . . . , (tr→1, cr→1)}, where ci ↓ [0, 1] is the con-
fidence score output by the reasoner after observing the tool
outputs selected at round i.
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3.2. VisTA Framework

Our VisTA framework implements an end-to-end pipeline to
learn a policy for dynamic tool selection in visual reasoning
tasks (Figure 2), leveraging reinforcement learning to enable
systematic exploration of tool combinations. In the single-
turn version, the pipeline operates as follows:
1. The vision-language agent observes the state s1 = (q, I)

and selects a sequence of tools t1 = →T (1)
, . . . , T

(K)↑
via a policy ωε(t1 | s1).

2. Each selected tool is executed on the image to produce
outputs o1 = →O(1)

, . . . , O
(K)↑.

3. These outputs are combined with the original inputs to
form an augmented prompt.

4. The frozen reasoner fω processes the augmented prompt
to produce the final answer yimg+tools = fω(q, I, o1).
During training, we also compute a baseline prediction

yimg = fω(q, I) using only the original query and image,
which enables us to measure the impact of selected tools on
reasoning performance, as detailed in our reward formula-
tion.

3.3. Multi-Turn Tool Refinement

To further enhance VisTA’s flexibility, we introduce a multi-
turn tool refinement mechanism in which the agent itera-
tively interacts with the frozen reasoner to refine its tool
choices over multiple rounds. This extension preserves the
core single-turn structure while enabling deeper reasoning
for complex queries where a single tool invocation may be
insufficient.

At round r, the agent observes the query, im-
age, and the full history of prior interactions sr =
(q, I, {(t1, c1), . . . , (tr→1, cr→1)}), where each ci ↓ [0, 1]
is a scalar confidence score produced by the reasoner us-
ing the prompt: “Given the image, question, and tool out-
puts, output only a confidence score in [0, 1] indicating how
likely you can answer the question correctly with the cur-
rent information.” The confidence reflects how sufficient
the reasoner believes the accumulated tool outputs are for
answering the query. Conditioned on this state, the agent
selects a new tool set tr, which is executed to produce
outputs or = {O(1)

r , . . . , O
(Kr)
r }. We denote the struc-

tured history of all tool sets and outputs up to round r as
o↑r = {(t1, o1), . . . , (tr, or)}.

The reasoner then consumes this structured history and
outputs an updated confidence score cr = f

conf
ω (q, I, o↑r).

If cr exceeds a threshold ε
1, the interaction stops early;

otherwise, the agent proceeds to the next round. The final
answer is generated only after termination, using the entire
accumulated history o↑r→ where r

↓ is the stopping round.
For multi-turn trajectories, we apply a token-wise loss

mask to ignore losses on observation tokens not generated

1Empirically, we find ω = 0.9 to be a good choice.

by the agent (e.g., the reasoner’s confidence values). These
tokens serve only as contextual information, ensuring that
gradients are assigned solely to the agent’s tool-selection
decisions.

3.4. Policy Optimization

To train the agent to discover effective tool combinations,
we build upon GRPO [53] and adapt it to the visual tool-
selection setting with a task-specific reward. At each training
step, the agent samples G candidate tool sets {tj}Gj=1 from
the policy ωε(t | s), where each t

j denotes one sampled
tool-selection action for the same query.

For each candidate tj , we compare the reasoner’s baseline
prediction y

j
img = fω(q, I) with the prediction obtained using

the selected tools, yjimg+tools = fω(q, I, oj), where oj denotes
the tool outputs associated with t

j . The reward is defined
as: r

j = +1 if yjimg ↗= y
↓ and y

j
img+tools = y

↓ (tools help),
r
j = ↘0.5 if y

j
img = y

↓ and y
j
img+tools ↗= y

↓ (tools hurt),
r
j = 0 if both fail, and r

j = +1 if both succeed. This
encourages selecting helpful tools and penalizing harmful
ones.

We compute the group-relative advantage A
j =

rj→mean(r1,...,rG)
std(r1,...,rG) , which contextualizes each reward rela-

tive to other candidates for the same query. The policy is
updated by maximizing:

J (ϑ) = Es↔DE{tj}↔ϑωold

[
1

G

G∑

j=1

min

(
ωε(tj | s)
ωεold(t

j | s) , A
j
, clip(

ωε(tj | s)
ωεold(t

j | s) , 1±ϖ)Aj

)

↘ ϱ DKL(ωε ≃ωref)

]

(1)
This objective stabilizes exploration through ratio clipping
and KL regularization, enabling the agent to assign higher
probability to tool combinations that consistently improve
reasoning performance.

3.5. Tool Selection Prompting

We use a minimal prompt template that lists all tools by index
(e.g., 0 to M↘1) and their coarse functional categories (e.g.,
chart analysis, symbolic parsing, object detection and so on).
No detailed descriptions or usage examples are provided.

“You are an expert agent selecting
tools to help a reasoning model solve a
visual-language query. You have access
to multiple tools indexed from 0 to M→1,
grouped into several functional types:
type1, type2, type3... Function: 0:
type1 (A), 1: type1 (B), 2: type1 (C),
3: type2 (D), 4: type2 (E) .... Given
the image and query {Question}, output the
index numbers of the tools you believe are
most helpful, as a comma-separated list
inside <answer> tags.”
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Method Agent Model Reasoning Model ChartQA ChartQA(OoD) Geometry3K MathVerse

Training-Free - QwenVL 7B 76.4 62.3 54.0 46.7
Training-Free QwenVL 7B QwenVL 7B 76.1 66.8 51.3 48.5
Training-Free GPT4o QwenVL 7B 73.0 66.4 51.5 47.9
RL - QwenVL 7B 77.5 64.3 41.0 49.2
Ours (Single-turn) QwenVL 7B QwenVL 7B 79.1 72.7 55.3 50.8
Ours (Multi-turn) QwenVL 7B QwenVL 7B 79.9 75.8 57.0 52.1

Table 1. Main Results. These results highlight VisTA’s ability to support complex, multi-modal reasoning where tools provide complementary
visual understanding. VisTA substantially improves accuracy across all tasks, with multi-turn refinement providing additional gains.

This lightweight prompting exposes only high-level struc-
ture, encouraging the agent to learn tool effectiveness en-
tirely through reinforcement learning rather than relying on
predefined tool semantics.

4. Experiments

We evaluate our VisTA framework on visual reasoning bench-
marks, comparing to training-free baselines, alternative RL-
based methods. We also analyze VisTA’s tool selection
strategies and distribution, and agent behavior dynamics
over training.

4.1. Experimental Setup

We conduct experiments on five datasets that span a
wide range of visual reasoning scenarios: ChartQA [43],
ChartQA-OoD, Geometry3K [39], MathVerse [70], and
BlindTest [49]. ChartQA and its OoD variant evaluate chart
understanding under both standard and perturbed conditions
(e.g., removing textual labels). Geometry3K and MathVerse
focus on diagrammatic math reasoning, while BlindTest as-
sesses low-level perceptual capabilities, an area where even
strong VLMs (e.g., GPT-4o) continue to struggle.

To train a single general-purpose VisTA agent, we
combine the training sets of ChartQA, Geometry3K, and
BlindTest and randomly sample 800 examples from each,
forming a diverse multi-domain pool. Since the agent learns
to operate over a large and heterogeneous tool set, broad
coverage of tool types matters more than full dataset size.
RL-based selection policies are highly data-efficient in such
settings, and we find that a few hundred examples per do-
main are sufficient for learning stable and effective tool
preferences.

We train VisTA on 8 NVIDIA A100 GPUs using a batch
size of 1 query per GPU, with 4 rollouts per query to en-
courage exploration of diverse tool subsets. We adopt the
AdamW [38] optimizer with a learning rate of 5 ⇐ 10→5,
and train for 100 iterations. During inference, we allow
up to three rounds of refinement in our multi-turn setting,
which reflects the maximum number of interactions feasi-
ble within GPU memory limits. Early stopping is triggered
automatically based on the reasoner’s confidence estimates.

We construct a large, unified, and general-purpose tool
pool designed to support a broad range of visual reasoning

needs. Rather than tailoring tools to specific benchmarks,
we assemble a diverse ecosystem of vision and reasoning
utilities that can be reused across domains, enabling the
agent to learn broadly applicable tool-selection policies. The
pool spans chart analysis, diagram parsing, mathematical
reasoning, and low-level perception, reflecting the diversity
of real-world multimodal tasks. The chart-understanding
tools include chart-to-table converters [32, 44, 64], chart-to-
SVG extractors [9, 42, 66], and chart-captioning modules [6,
45, 62] (three variants per type). The geometry tools consist
of symbolic parsers [52, 71] and visual–symbolic solvers [17,
48] (two variants each), which, while useful for geometry
tasks, are general enough to apply to other visually grounded
mathematical problems. To further broaden the pool, we
add generic perception tools such as object detectors [23,
36], depth estimators [50, 68], and low-level visual element
detectors [7, 14, 19, 24, 30, 69]. Across categories, many
tools offer multiple capability variants, differing in accuracy,
resulting in a 23-tool unified pool. Learning in this setting
requires the agent to identify which tool families are relevant
for a given query and to develop fine-grained preferences
among tools with overlapping but distinct behaviors. This
general-purpose design makes the learned policy broadly
transferable and provides a realistic foundation for scalable
multimodal tool selection.

4.2. Main Results

We first evaluate VisTA on four visual reasoning benchmarks:
ChartQA, ChartQA-OoD, Geometry3K, and MathVerse, and
compare against training-free baselines, RL-based alterna-
tives, and strong modern VLMs [1, 3–5, 8, 13, 27, 57–59].
For all experiments, the tool-selection agent is QwenVL2.5-
7B, and the reasoning model is kept frozen throughout train-
ing.

Table 1 presents the results. Both the single-turn and
multi-turn versions of VisTA outperform all baselines across
every benchmark, showing that RL-driven tool selection
provides substantial gains over training-free prompting and
direct RL finetuning of the reasoner. Even without refine-
ment, our single-turn agent achieves strong results—79.1%
on ChartQA, 72.7% on ChartQA-OoD, 55.3% on Geom-
etry3K, and 50.8% on MathVerse, already surpassing all
training-free baselines and a GRPO-trained reasoner that
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Method Agent Model Reasoning Model ChartQA ChartQA(OoD) Geometry3K MathVerse

Training-Free - GPT4o 84.3 50.1 50.1 50.2
Training-Free QwenVL 7B GPT4o 82.3 67.1 48.7 51.4
Training-Free GPT4o GPT4o 84.6 73.3 49.5 53.6
Ours QwenVL 7B GPT4o 88.1 75.6 52.0 55.8

Table 2. Transfer Results. These results highlight VisTA’s flexibility and compatibility with stronger frozen reasoning models like GPT-4o
at deployment time. VisTA’s tool-selection policy, trained with QwenVL-7B, transfers seamlessly to a stronger frozen reasoner (GPT-4o),
yielding substantial gains across all benchmarks.

does not use tools.
Allowing the agent to revise its tool choices using confi-

dence feedback leads to further improvements. The 3-turn
agent achieves 79.9/75.8/57.0/52.1, consistently outperform-
ing the single-turn version. These gains demonstrate that
multi-turn refinement helps the agent correct suboptimal ini-
tial choices, request additional visual evidence, and adapt its
tool usage to query difficulty.

The advantage of multi-turn refinement is especially ev-
ident on ChartQA-OoD, where VisTA improves over the
GRPO-trained reasoner by 11.5 points (75.8 vs. 64.3). This
suggests that iterative tool usage yields stronger visual
grounding than directly optimizing the frozen model itself.

4.3. Transfer to Different Frozen Reasoning Model

A key strength of our method is its transferability. With-
out any retraining, the tool-selection policy learned with
QwenVL 7B can be paired with GPT-4o as the reasoner. Ta-
ble 2 shows the results. In this setting, we achieve 88.1% on
ChartQA and 75.6% on ChartQA-OoD, surpassing the best
training-free GPT-4o baseline by 3.5 and 2.3 points respec-
tively, and also achieve 52.0% on Geometry3K, outperform-
ing the best baseline (50.1%) by 1.9 points. This demon-
strates VisTA’s flexibility and compatibility with stronger
reasoning models at deployment time.

4.4. Comparison to State-of-the-Art

Table 3 shows the comparison to state-of-the-art VLMs.
VisTA achieves the best performance on Geometry3K and
MathVerse, reaching 57.0% and 73.1% respectively, signifi-
cantly outperforming all prior methods. On ChartQA, VisTA
ranks third overall, only slightly behind Claude-3.5 Sonnet
and InterVL2-76B (90.8 vs. 88.4 vs. 88.1), and surpasses
other strong baselines such as Molmo-72B, Gemini 1.5 Pro,
and Molmo-72B. This demonstrates that our approach is
both highly effective on complex chart reasoning tasks and
substantially more capable on geometric benchmarks.

4.5. Effect of Multi-Turn Refinement

Since our training setup supports up to three rounds of refine-
ment, we evaluate the agent under 1-turn, 2-turn, and 3-turn
settings to quantify the benefit of iterative interaction. While
the single-turn agent selects tools once, multi-turn agents
revise their choices using the reasoner’s confidence feedback.

Method ChartQA Geometry3K MathVerse

Ours 88.1 57.0 73.1

GPT-o1 [28] - – 67.7
Gemini 2.0 Flash [57] - – 65.6
DeepEyes [72] - – 47.3

Intern2VL-8B [58] 83.3 26.5 –
Intern2VL-8B-ShortCoT [58] – 29.7 –
Geo-Intern2VL-8B [58] – 30.7 –
G-LLAVA-7B [17] – 22.4 –
Math-LLAVA-13B [54] – 33.1 –
QvQ-72B-Preview – 29.4 –
RedStar-Geo-8B [63] – 33.6 –

GPT4v [2] 78.1 – –
GPT4o-0513 [27] 85.7 – –
Gemini 1.5 Flash [57] 85.4 – –
Gemini 1.5 Pro [57] 87.2 – –
Claude-3 Haiku [5] 81.7 – –
Claude-3 Opus [5] 80.8 – –
Claude-3.5 Sonnet [5] 90.8 – 58.2
PaliGemma-mix-3B [8] 33.7 – –
Phi3.5-Vision-4B [1] 81.8 – –
InternVL2-Llama-3-76B [58] 88.4 – –
Pixtral-12B [3] 81.8 – –
Llama-3.2V-11B-Instruct [4] 83.4 – –
Llama-3.2V-90B-Instruct [4] 85.5 – –
LLaVA-1.5-7B [34] 17.8 – –
LLaVA-1.5-13B [34] 18.2 – –
xGen-MM-interleave-4B [65] 60.0 – –
Cambrian-1-8B [59] 73.3 – –
Cambrian-1-34B [59] 75.6 – –
LLaVA OneVision-7B [31] 80.0 – –
LLaVA OneVision-72B [31] 83.7 – –
MolmoE-1B [13] 78.0 – –
Molmo-7B-O [13] 80.4 – –
Molmo-7B-D [13] 84.1 – –
Molmo-72B [13] 87.3 – –

Table 3. Comparison to state-of-the-art VLMs. For our approach,
the agent model is QwenVL 7B, and the reasoners are GPT4o for
ChartQA, QwenVL 7B for Geometry3K and GPTo1 for MathVerse.

The trend is consistent across datasets: introducing a second
turn already yields clear improvements, and the 3-turn agent
achieves the best results.

Using confidence-based early stopping, the agent rarely
exhausts all three turns. On average, it uses only 1.1 turns on
ChartQA and 1.4–1.8 turns on the harder datasets (ChartQA-
OoD, Geometry3K, MathVerse). This shows that refinement
is invoked primarily for challenging cases, improving accu-
racy while keeping computation efficient. Examples where
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ChartQA ChartQA(OoD) Geometry3K MathVerse

1-turn 79.1 72.7 55.3 50.8
Up to 2 turns 79.6 74.4 56.3 51.7
Up to 3 turns 79.9 75.8 57.0 52.1

Avg Turn # 1.1 1.8 1.4 1.5

Table 4. Performance across different numbers of refinement turns
and the average turns used with confidence-based early stopping.

Figure 3. Comparison of ChartQA accuracy across each chart-
specific tools (T0–T8), the no-tool baseline (No), our RL-based
selection policy (Ours), and a pseudo-upper bound (Upper).

multi-turn refinement corrects single-turn errors are included
in the supplementary material.

4.6. Tool Selection Analysis

To evaluate whether our tool selection policy effectively
learns to combine and select the most appropriate tools for
each query, we compare its performance against using indi-
vidual tools in isolation. Specifically, we feed each tool’s
output along with the original input to the frozen reasoner
and record its accuracy on the ChartQA benchmark. We also
compute a pseudo-upper bound of 88.0% by treating a query
as correct if any single tool enables the reasoner to produce
the correct answer. This serves as a loose upper limit on
what could be achieved with perfect single-tool selection,
though it does not account for the benefits of combining
multiple tools.

Fig. 3 shows the performance of each chart-specific tool
(T0–T8), as well as the no-tool baseline (76.4%). While cer-
tain tools, such as T2 (78.3%) and T1 (78.0%), improve upon
the no-tool baseline, the large gap to the pseudo-upper bound
(88.0%) suggests that no single tool consistently performs
best across all queries. Different tools appear to be optimal
for different subsets of the data. Ideally, a well-trained policy
should learn to select the most effective tool(s) for each spe-
cific query, achieving performance that surpasses any static
tool choice. Our method achieves 79.1% accuracy, outper-
forming all individual tools. This suggests that the policy
learns to go beyond fixed tool usage and adapt its selection
based on query-specific context. Our policy also closes some
gap between the best individual tool and the pseudo-upper
bound, indicating progress toward optimal tool selection
without explicit supervision. Note. For clarity, we present

Figure 4. Pearson correlation between tool usage frequency and
individual tool performance.

detailed analysis only on chart-specific tools (T0–T8), as
they offer a stable and interpretable evaluation.

4.7. Agent Behavior Evolution During RL Training

To analyze whether the agent is learning to prefer more
effective tools, we track the correlation between tool usage
frequency and individual tool performance over training.
Specifically, every 10 iterations, we compute the Pearson
correlation coefficient between the usage counts of each tool
and their corresponding standalone accuracy (as reported in
Fig. 3).

Figure 4 shows the evolution of this correlation across
training iterations. Despite some initial fluctuations, we
observe a clear upward trend, with the correlation increas-
ing from near zero to over 0.8 as training progresses. This
indicates that the agent is gradually aligning its tool selec-
tion strategy with the relative utility of each tool, favoring
those that contribute more to the reasoner’s accuracy. These
results suggest that our RL-based policy does not rely on
fixed heuristics but instead learns to discriminate among
tools based on their empirical contribution to task success.
The emergence of this alignment over time provides further
evidence that the agent is effectively adapting its behavior
through reinforcement feedback.

4.8. Tools Selection Distribution

Figure 5 illustrates the tool selection distribution on the test
set for our RL-trained agent, as well as for the training-free
baselines using QwenVL-7B and GPT-4o. Again, we an-
alyze the nine chart-understanding tools (T0–T8) to study
selection behavior in a controlled ChartQA setting. Our
method clearly shows a strong preference for Tool 1 and
Tool 2, both are chart-to-table tools, which are among the
most effective tools based on individual performance (see
Fig. 3). In contrast, low-performing tools such as Tool 3
(chart-to-SVG) and Tool 6 (caption module), are selected far
less frequently, suggesting that the learned policy has effec-
tively adapted to favor high-utility tools based on empirical
feedback.

The QwenVL-7B baseline, which operates in a training-
free manner without reinforcement feedback, exhibits a more
balanced selection pattern that resembles a near-normal dis-
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Figure 5. Tool selection frequency across our RL-trained agent,
QwenVL-7B, and GPT-4o. Our method strongly favors effective
tools (Tools 1 and 2) and avoids less useful ones, while QwenVL-7B
shows a uniform distribution and GPT-4o selects broadly without
clear alignment to tool performance.

Method Agent Model Reasoning Model BlindTest

Training-Free - GPT4o 48.5
Training-Free GPT4o GPT4o 51.8
Ours QwenVL 7B GPT4o 53.4

Table 5. Performance of different tool selection strategies on
BlindTest.

tribution. This indicates that it lacks strong preferences
and does not consistently prioritize the most effective tools.
Meanwhile, GPT-4o tends to select more tools per query,
rarely opts for no tool, and distributes its selections across
a broader set of tools. However, this broader usage still
lacks clear alignment with tool effectiveness, showing no
strong correlation between selection frequency and tool per-
formance.

These differences highlight the benefit of learning a
tool selection strategy through RL. Unlike training-free ap-
proaches that rely solely on static prompt understanding,
our agent adapts its behavior based on downstream task out-
comes, leading to more effective tool use.

4.9. Qualitative Results

In this section, we provide qualitative examples showing how
our agent selects appropriate tools according to the query.
From the Geometry3k dataset, we present an example in
Figure 6. Based on the context, our agent selects a formal
diagram parser tool, which represents the objects in the
diagram and their relationships using formal language. This
structured information is then used by the Reasoner model
to correctly answer the question. More qualitative examples
are provided in the supplementary material.

4.10. Results on BlindTest Benchmark

Finally, to further evaluate the generalizability of VisTA, we
test on BlindTest [49], a benchmark designed to probe low-
level visual perception, such as detecting line intersections,
circle overlaps, and simple spatial relations, where even top
VLMs (e.g., GPT-4o and Gemini 1.5 Pro) struggle despite
their strong high-level reasoning ability. Using the same
setting as in our main experiments, the VisTA agent learns to

Figure 6. Tool Selection for a Geometry Question. Our agent se-
lects the formal diagram parser which accurately extracts essential
details from the diagram and represents them in a formal structure.
Leveraging this representation, the reasoner is able to determine
the correct answer.

select perception-oriented tools, such as low-level geometric
analyzers, that complement the frozen reasoner’s visual capa-
bilities. As shown in Table 5, our method reliably improves
accuracy over training-free baselines, demonstrating that
reinforcement-learned tool policies can enhance fine-grained
spatial reasoning even on tasks where VLMs alone often fail.

5. Discussion and Conclusion

We introduced VisTA, an RL framework enabling visual
agents to autonomously select effective external tools for
multimodal reasoning. Unlike prior methods, VisTA learns
adaptive tool-selection strategies without explicit supervi-
sion. Our experiments showed significant accuracy gains
over strong baselines, highlighting VisTA’s potential for ro-
bust, flexible visual reasoning.

Limitations. VisTA currently abstracts each tool as a
black-box module chosen through high-level selection, with-
out modeling the full parameter structure of real-world tool
interfaces. While this abstraction is sufficient for many visual
tools, it does not yet capture scenarios that require explicit
argument construction, such as specifying a bounding box
when invoking a zoom-in tool. Extending VisTA to support
parameterized tool invocation and richer argument genera-
tion is an exciting direction for future work, and we believe
our RL-based framework provides a natural foundation for
learning such more expressive tool-use behaviors.
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