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      The image shows a scenic view of a 
cityscape featuring a prominent cathedral 
with tall spires... 
Observing the image, there appears to be 
a van located towards the center-left side 
of the scene, near some buildings and 
trees. Let's  crop… </code>

      The cropped image shows a van that 
is predominantly red in color. The van is 
parked on what appears to be a street or 
parking area, … confirming that the van 
in question is indeed red.

      The cropped image shows a close-up 
view of a vehicle. The vehicle appears to 
be a van, and its color is clearly visible. 
The van has a distinct red hue, which 
stands out against the background.

      The image shows a cityscape… 
Observing the image, there appears to be 
a van parked near some buildings, which 
could potentially be the one referred to in 
the options. To get a clearer view of the 
van's color, I will provided coordinates to 
crop the relevant area…</code>

Easy

Hard

Question:  How many people 
are there in the image?

No tool used Tool overuseAdaptive

      There is one person standing on 
water with their reflection visible below 
them in the image. However , it's 
important to note that this single 
individual creates multiple reflections 
due to being positioned…, thus giving 
off nine distinct figures when viewed 
together as part of a group-like 
formation against white background.

      The image shows… The reflections 
on the water below add depth to the 
scene. I can count each individual  by  
position. Let's  crop… </code>

      The cropped image shows a row of 
ten distinct individuals standing side by 
side...

      Looking at the image, I can see a line 
of people standing side by side. Their 
approximate positions correspond to 
these points: <points x1="48" y1="69" 
x2="107" y2="69" x3=…x9="506" 
y9="69" alt="people">. Counting them 
one by one, there are clearly 9 
individuals present.

Answer: 9

1

2

ComplexityAccuracy

Qwen2.5-VL CodeDance DeepEyes

Question: What is the color of 
the van?  
 A. The color of the van is red.  
B. The color of the van is silver.  
C. The color of the van is black.  
D. The color of the van is white.

Answer: A

1 1

      The image provided does not 
contain any vans or vehicles that could 
be described as having specific colors 
like "red," "silver," "black," or "white." 
Instead, it shows a scenic view with 
boats on water in front of buildings 
under a blue sky. 
Since there is no vehicle present to 
determine its color from this image 
alone, none of the given options can 
accurately describe what you're asking 
about based solely on visual 
information available here.

1 1 1
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Qwen2.5-VL 32B

CodeDance 7B

A.Question Type B.Models C.Performance

Figure 1. Motivation and effectiveness of dynamic tool invocation in CodeDance. Left: qualitative examples show that both tool underuse
(unable to invoke tools on challenging tasks) and tool overuse (redundant calls on easy tasks) lead to hallucinated reasoning, incorrect
answers, and unnecessary complexity (more reasoning turns and longer rollout time), whereas CodeDance dynamically invokes tools
according to task difficulty to obtain correct solutions. Right: quantitative results show CodeDance-7B consistently surpasses all Qwen2.5-
VL 7B baselines and exceeds the 32B version on several tasks.

Abstract

Recent releases such as o3 highlight human-like “thinking
with images” reasoning that combines tool use with step-
wise verification, yet most open-source approaches still rely
on text-only chains, rigid visual schemas, or single-step
pipelines, limiting flexibility, interpretability, and transfer-
ability on complex tasks. We introduce CodeDance, which
explores executable code as a general solver for visual rea-
soning. Unlike fixed-schema calls (e.g., only predicting
bounding-box coordinates), CodeDance defines, composes,
and executes code to orchestrate multiple tools, compute in-
termediate results, and render visual artifacts (e.g., boxes,
lines, plots) that support transparent, self-checkable rea-

*Equal contribution. †Corresponding authors.

soning. To guide this process, we introduce a reward for
balanced and adaptive tool calling, which balances explo-
ration with efficiency and mitigates tool overuse. Interest-
ingly, beyond the expected capabilities taught by atomic su-
pervision, we empirically observe novel emergent behaviors
during RL training: CodeDance demonstrates novel tool
invocations, unseen compositions, and cross-task transfer.
These behaviors arise without task-specific fine-tuning, sug-
gesting a general and scalable mechanism for executable
visual reasoning. Extensive experiments across reason-
ing benchmarks (e.g., visual search, math, chart QA) show
that CodeDance not only consistently outperforms schema-
driven and text-only baselines, but also surpasses closed
models such as GPT-4o and larger open-source models.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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MLLM (w/ SFT cold start on  
synthetic trajectories)

<think> The image shows a street scene … The flag is located 
near the left side of the image, attached to a pole.  
The coordinates appear to be <box>[313, 506, 357, 554]</box>. 
Let's call execute_python_code to crop.  
<code> … </code> </think>

<think> The picture depicts a street scene. A flag can be seen on 
the left side … Its bounding box is <box>[442, 688, 476, 697]</box>.  
We can use execute_python_code to crop this region.  
<code> … </code> </think>

Task types:  
- Visual search,  
- Math reasoning, 
- General understanding, 
…

MLLM
Loop until 
answered  
or max-turn.

1st turn output

Sampling a Task

2nd Query: Think with the code 
execution result, then formulate a  
new thinking step if needed or answer.

<think> The image shows a street scene … The flag in 
the background appears to be blue and yellow. </think> 
<answer> blue and yellow </answer>

1st Query:  
Is the flag blue 
and yellow or 
red and yellow?

…

Rollout group

2

1
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Concat

(reasoning &  
visual results)
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x: multimodal query π: MLLM (policy model)

y: MLLM output rollout     : rollout i in j-th turn

r: reward A: Advantage

Racc: accuracy reward Rformat: format reward

Rseq: sequence-level 
reward Rturn: turn-level reward

yij

r =  Racc + Rformat  
   +  Rseq + Rturn

reward compute 

RL Training

Update

RBAT (ours new reward)

<code> … </code> 
# Python
from PIL import Image
bbox_2d = [313, 506, 357, 554]
img = Image.open(‘image.jpg')
sub_img = img.crop(bbox_2d)

<code> … </code> 
# Python
from PIL import Image
bbox_2d = [442, 688, 476, 697]
img = Image.open(‘image.jpg')
sub_img = img.crop(bbox_2d)

Cropping result in sandbox

Code sandbox (crop, plot, …)

(The answer here is thus blue and yellow)

31

Figure 2. Overview. CodeDance enables executable visual reasoning and leverages tool calling adaptively based on task difficulty.

1. Introduction
Multimodal Large Language Models (MLLMs) have made
rapid progress, showing strong capabilities in both visual
perception and reasoning. By leveraging the language-
centric chain-of-thought (CoT) mechanism [2, 27], models
can decompose complex problems into intermediate steps,
thereby improving performance on challenging tasks. How-
ever, when extended to visual tasks, traditional CoT relies
on static context, preventing models from dynamically in-
teracting with visual inputs or incorporating new observa-
tions during intermediate reasoning [4, 44], creating an in-
formation bottleneck that hinders multi-round focusing and
validation. To address this, the o3 system [12] integrates the
ability to actively seek new information through multiple
tool invocations, supporting iterative reasoning over visual
inputs and demonstrating strong perception and analysis.

Research gaps. While recent models have made notable
progress, fundamental gaps remain unresolved. (1) Current
approaches largely extend CoT into multimodal reasoning
via text-only templates, failing to incorporate new obser-
vations, refine intermediate steps, or validate its reasoning
against visual evidence [7, 8]. (2) In addition, o3 remains a

proprietary black-box system: its internal mechanisms are
inaccessible, its reasoning process is less transparent, and its
outputs cannot be systematically studied or reproduced. (3)
Most open-source systems incorporating visual reasoning
remain restricted to predefined visual workflows, or rigid
and schema-based pipelines (e.g., predicting bounding box
coordinates for cropping operations), which are inherently
inflexible and task-specific, limiting transfer to new tools
and tasks [20, 21, 39, 43]. (4) Existing methods [41, 43]
do not consider when a model should invoke tools, leading
to tool underuse or overuse, as shown in Figure 1. Conse-
quently, the field still lacks an open and verifiable medium
that is general across tools and tasks for multimodal reason-
ing, allowing MLLMs to dynamically compose tools, pro-
duce intermediate artifacts, and self-check their outputs in a
transparent and reproducible manner. Addressing this gap is
crucial for achieving task-adaptive, explainable, and trans-
ferable reasoning across complex real-world tasks.

In this work, we introduce CodeDance, a multimodal
reasoning framework that leverages executable code as a
unified medium for visual reasoning. Unlike prior schema-
based pipelines with fixed operation templates, code en-
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Table 1. Experiment results on benchmarks including Counting, Visual Search, and General datasets. † denotes reproduced results.

Model Visual Counting Visual Search General

CountBench PixmoCount V* Bench HR-Bench 4K HR-Bench 8K ChartQA CharXiv

Closed-Source MLLMs

GPT-4o 87.9 - 67.5 65.0 59.6 86.7 47.1

Open-Source MLLMs

Llava-OneVision-7B 82.3 54.4 72.7 68.5 60.0 80.4 27.1
Llava-OneVision-72B - 60.7 73.8 66.3 60.9 83.7 -
InternVL2.5-8B 55.9 - 73.7 72.0 65.5 82.8 37.2
InternVL3-8B 80.3 - 70.2 70.5 70.0 86.1 38.3
InternVL3-78B - - 76.4 75.5 67.3 89.7 46.0
Qwen2.5-VL-72B 93.6 62.3 84.8 79.4 76.3 89.5 49.7
Qwen2.5-VL-32B 87.8 56.0 85.9 74.8 71.6 - 47.6
Qwen2.5-VL-7B 76.5 50.4 76.4 69.0 66.0 86.3 42.1

Tool-Integrated Open-Source MLLM

Pixel Reasoner-7B - - 84.3 72.9 66.9 - -
Deepeyes-7B† 80.4 57.2 90.4 74.8 71.9 78.2 -
Thyme-VL-7B 84.8† - 82.2 77.0 72.0 86.1 44.2†

CodeDance-7B 91.2 77.1 84.8 75.2 72.3 87.5 44.1
∆ vs. Qwen2.5-VL-7B ↑19.2% ↑53.0% ↑11.0% ↑9.0% ↑9.5% ↑1.4% ↑4.7%

ables the model to define, compose, and execute diverse vi-
sual–symbolic operations, producing both intermediate ar-
tifacts (e.g., cropped regions, plots, annotations) and final
answers within a unified, verifiable reasoning process. To
equip the model with fundamental skills, we curate a high-
quality trajectory dataset and use supervised fine-tuning
(SFT) to teach atomic capabilities such as counting, spa-
tial grounding, and image annotation, enabling an itera-
tive exploration-reflection reasoning process. Building on
this foundation, we employ reinforcement learning (RL) to
further enhance tool-based reasoning. A central challenge
we identify is a trade-off between exploration and selec-
tivity: naı̈ve policies often overuse tools, incurring unnec-
essary steps, or underuse them, failing to leverage visual
interactions when needed. To address this, we design a
difficulty-adaptive tool-reward mechanism that adjusts in-
centives based on task complexity, encouraging longer op-
eration chains for hard problems while discouraging un-
necessary calls for simple ones. This aligns learning with
the structure of multimodal tasks, resulting in more adap-
tive and transparent reasoning. Together, these components
enable CodeDance to advance beyond rigid schema-based
methods and offer an open, generalizable medium for exe-
cutable visual reasoning.

Empirical observation of emergent behaviors. Al-
though trained only on atomic operations, the framework
exhibits behaviors beyond direct supervision during RL, in-
cluding composing operations (e.g., localization followed

by counting) and generating new procedural code for visual
analysis. These behaviors arise from the base model’s pre-
trained knowledge and are driven by adaptive rewards rather
than explicit instruction, highlighting the scalability of dy-
namic invocation for more flexible and general reasoning.

Our contributions are summarized as follows: (1) We
introduce CodeDance, a multimodal agent that can “think
with images” by planning and composing visual–symbolic
operations through executable code as a unified medium. To
this end, we curate a 34K high-quality SFT dataset covering
diverse atomic code capabilities (e.g., cropping, drawing,
point plotting), and additionally design a difficulty-adaptive
reward mechanism for RL, enabling multi-turn reasoning
and balanced tool use. (2) We evaluate CodeDance on more
than 10 multimodal benchmarks, spanning both general per-
ception and complex reasoning (e.g., visual search, math
reasoning). Across multiple benchmarks, it outperforms
advanced closed models (e.g., GPT-4o) and larger open-
source baselines (e.g., Qwen2.5-VL-32B), demonstrating
strong perception and reasoning capabilities, and broad gen-
eralizability. (3) Despite being trained only on atomic oper-
ations, CodeDance empirically exhibits emergent behaviors
during RL training, including spontaneous novel tool rou-
tines, unseen operation compositions, and cross-task trans-
fer to novel tasks. These promising observations highlight
the scalability and generality of our framework, and we em-
pirically verify them in ablation studies.
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2. Related Works
Multimodal reasoning and tool invocation. Building
upon text-based chain-of-thought (CoT) reasoning [27, 33],
researchers have extended intermediate reasoning steps to
multimodal settings [34, 43] including counting [38], local-
ization [29], charts [9], and visual math [3]. To enhance
reasoning capabilities, recent works integrate external tools
through reasoning-and-acting frameworks [32, 33], learned
API usage [15], and multimodal agents that orchestrate
OCR, detection, and editors [17, 28]. ViperGPT [22] com-
piles queries into executable programs. Recent models like
OpenAI’s o3 [12] integrate comprehensive tool capabilities
directly into reasoning chains, trained via RL on large-scale
CoT data. Other approaches include RL-based tool invoca-
tion [20, 43] and SFT-based methods [26]. However, chal-
lenges remain such as ad-hoc operations, sparse supervi-
sion, limited task coverage and lack of comprehensive eval-
uation. We diverge from prior work by pursuing code as
a general medium to execute multimodal reasoning across
diverse atomic abilities.
Adaptive thinking capability of MLLMs. Recent work on
adaptive reasoning in LLMs explores how models can dy-
namically decide when and how much to think [36] instead
of relying on fixed chain-of-thought steps. Approaches such
as adaptive thinking [23, 30], concise reasoning [19], and
learn-to-switch frameworks [40] show that LLMs can selec-
tively perform deeper reasoning only when necessary, im-
proving efficiency while preserving accuracy. Meanwhile,
MLLMs can extend this: recent fast–slow vision-language
reasoning demonstrates that models can also adjust reason-
ing depth based on visual–textual difficulty [31]. However,
these methods focus mainly on adjusting internal reasoning
depth rather than deciding when visual operations or tools
should be invoked. This limitation motivates the investi-
gation of adaptive tool calling for multimodal reasoning,
where MLLMs must think with visual inputs effectively.

3. Methodology
3.1. Overview
Think-execute-feedback as reasoning unit. An overview
of our framework is shown in Figure 2. Given a multi-
modal user query (including a text prompt and an image),
the policy model (an MLLM) produces rollouts interleav-
ing natural-language reasoning with executable code (e.g.,
cropping, plotting). Code is executed in a separate sandbox,
and the resulting visual evidence (e.g., a cropped region) is
concatenated with text to refine reasoning in the next turn or
yield the final answer (e.g., “blue and yellow” in Figure 2).

We define a think–execute–feedback cycle as the min-
imal reasoning unit under a policy model π, where each
turn comprises (i) the current query and reasoning trace, (ii)
a candidate action, and (iii) the resulting observation after

Table 2. Comprehensive results across math reasoning bench-
marks. † denotes results from their official papers.

Model Math-Benchmark

MathVision MathVista MathVerse WeMath

Larger MLLMs without Reasoning

GPT-4o 36.5 63.4 35.3 44.2
Qwen2.5-VL-72B 38.1 74.8 57.6 -

Open-source Reasoning MLLMs

R1-Onevision-7B † 29.9 64.1 40.0 -
R1-VL-7B† 24.7 63.5 40.0 -

Open-source General MLLMs

InternVL2.5-8B 22.0 64.4 39.5 23.9
Llava-OV-7B 18.4 63.2 26.2 17.3
Qwen2.5-VL-7B 25.0 68.1 45.1 35.4
DeepEyes-7B 26.6 70.1 47.3 38.9
CodeDance-7B (Ours) 29.6 70.3 46.8 39.6

code execution. Formally, a trajectory is:

τ =
(
(st1 , at1 , s

′
t1), . . . , (stM−1

, atM−1
, s′tM−1

), (stM , aans)
)
,

where t is the time step. st = (x, ot, ϵt) contains the orig-
inal query x, the accumulated reasoning trace ot, and in-
terpreter feedback ϵt. Actions at are drawn from a space
including tool calls (code snippets) and a terminal answer;
executing code yields an observation and updates the state
to s′t. By iterating at ∼ π(· | st) until a final answer is pro-
duced or a maximum turn budget M is reached, each turn
becomes an executable and verifiable reasoning unit. Build-
ing on this formulation, Section 3.2 details the curation of a
high-quality trajectory dataset encompassing diverse atomic
abilities. This dataset provides the foundation for initializ-
ing the policy model through SFT, before advancing to RL.

Policy optimization via verifiable evidence. In the RL
stage, we require a policy optimization method that can
compare multiple rollouts and update the model accord-
ingly. In our case, Group Relative Policy Optimization
(GRPO) [16] provides a natural baseline, as it directly nor-
malizes rewards across sampled trajectories without relying
on a separate value network. However, standard GRPO as-
signs a uniform advantage to all tokens within a trajectory,
which limits its effectiveness for multi-turn tool reasoning
requiring intermediate correction. To address this, we ex-
tend the reward design with sequence-level and turn-level
components. In particular, each rollout is evaluated with a
composite reward r that integrates outcome and tool-related
signals (also see Figure 2, right side):

r(τ) = Racc(τ) +Rformat(τ) +RBAT(τ),

where Racc denotes final-answer correctness and Rformat en-
forces format compliance, respectively. In our design, we
introduce a two-level reward RBAT (Reward for Balanced
Adaptive Tool Calling) that advocates adaptive tool call-
ing based on the task difficulty. In particular, it decomposes
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into a sequence-level Rseq and a turn-level Rturn, balancing
task difficulty with step-wise tool calling correctness. Sub-
sequently, the advantage A is written as:

A(τ) = Aseq
(
Racc, Rformat, Rseq

)
+Aturn

(
Rturn

)
.

Next, we show that this formulation combines global, step-
level trajectory outcomes with local, turn-level execution
feedback, producing more adaptive tool invocation.

Sequence-level adaptive reward for code-invocation.
Simply rewarding every successful tool call can lead to de-
generate behaviors such as tool spamming or reward hack-
ing on trivial problems (see Appendix Figure 7), which may
hinder the reasoning performance (ablation studies in Ta-
ble 3). To address this, we design an adaptive reward that
conditions tool incentives on the group-level accuracy µacc:
when most rollouts already solve the task correctly (indicat-
ing that the problem is relatively easy or solvable without
additional tool assistance), further invocations are discour-
aged. In contrast, low µacc encourages additional explo-
ration. Formally, the sequence-level reward is as follows:

Rseq =
(
0.5 + 0.5 · IRacc(τ)>0

)
· d · Nsucc(τ)

Ntotal(τ)
,

d = σ
(
γ(0.5− µacc)

)
− δ, σ(z) =

1

1 + e−z
,

(1)

where Nsucc(τ) and Ntotal(τ) denote the numbers of suc-
cessful and total tool calls in trajectory τ , and d is a
group-accuracy–dependent scaling factor that suppresses
rewards for unnecessary tool calls on easy queries (high
µacc) and amplifies rewards for tool-assisted solutions on
hard queries (low µacc), thereby enabling adaptive tool in-
vocation. Here, γ and δ are hyper-parameters controlling
the strength: higher µacc reduces d (discouraging redundant
calls), while lower µacc increases d (promoting exploration).
We set γ = 4 and δ = 0.2 in our main experiments. See our
Appendix 3.2 for discussion of these hyper-parameters.

Turn-level execution reward. To penalize failed execu-
tions and provide dense correction signals, we introduce a
turn-level reward. For each turn m, an immediate penalty
rturn,m = −0.5 is assigned if the code execution fails, and
0 otherwise. To capture long-term effects, we recursively
redefine rturn,m as the accumulated discounted return:

Rm
turn = rmturn + β ·Rm+1

turn , Am
turn =

Rm
turn − µbatch

σbatch
. (2)

Here, Rm
turn denotes the discounted cumulative turn-level

return, β is a discount factor, and µbatch, σbatch denote the
batch-wise mean and standard deviation of Rturn, respec-
tively. This turn-level reward discourages credit assignment
to incorrect intermediate reasoning steps, even when the fi-
nal answer is correct, and it helps mitigate entropy collapse
during training (Figure 5). The final advantage is obtained
by combining the resulting Aturn with the sequence-level ad-
vantage Aseq (from outcome-level rewards, see Appendix).

Together, the group-adaptive Rseq evaluates the quality
of an entire trajectory, while Rturn assesses the correctness
of individual tool calls. This complementary design, which
we term RBAT = Rseq + Rturn, mitigates reward hacking,
balances efficiency with necessary exploration, and yields
more robust multimodal reasoning policies. We discuss
more design choices and results in Section 4.4.

3.2. Data Engineering
In our design, the lack of high-quality, multi-turn, multi-
modal reasoning datasets that advocate adaptive tool calling
with interleaved code trajectories remains a major barrier
for training. To address this, we construct a 34k dataset
composed of questions with varying difficulty levels for
cold start, featuring (1) the reasoning trajectories that in-
clude code execution results appended as visual evidence
in training, and (2) adaptive tool invocation based on the
level of questions. For easy questions, the model is encour-
aged to answer directly without any reasoning process. For
hard questions, we enable code-based tool integration for
executable reasoning. Practically, to mitigate the issue of
tool spamming, we ensure that the pipeline follows a two-
step design: (i) weak-to-strong filtering, where public re-
sources (e.g., SA1B, GEOqa plus, MMK12) are automati-
cally filtered and stratified by difficulty using Qwen2.5-VL-
7B; and (ii) multi-turn atomic supervision, where hard
cases are decomposed into trajectories covering three cate-
gories: fundamental image transforms (crop, resize), math-
ematical computation (measurement, algebra, aggregation),
and open-ended visual editing (drawing, annotation, etc.).
Each trajectory is further verified by a stronger MLLM
(e.g., Qwen2.5-VL-72B) to cross-validate the correctness.
The query, code, and response are embedded as follows:

Multimodal CoT trajectories for cold-start

Query: <IMAGE> Is the flag blue and
yellow or red and yellow?
Response: The image shows..., Let’s call
execute python code: \n
<code>from PIL import Image \n img =
Image.open(‘img.jpg’)...</code>.
Appending compiling results... \n
<answer>blue and yellow</answer>
Example atomic abilities (<code></code>):

Our performance: 
(Compared to base: Qwen-2.5-VL-7B) 
- V* bench (+11.0%) 
- HighRes-4k (+8.9%) 
- Math Vision (+18.4%) 
- Count bench (+19.2%) 
- Pixmo Count (+13.5%) 
- CharXiv (+4.8%) 
…

Cropping

from PIL import Image
img = 
Image.open('img.jpg')
bbox_2d = [463, 168, 
500, 217]
sub_img = 
img.crop(bbox_2d)
x1,y1,x2,y2 = bbox_2d
bbox_w = x2 - x1
bbox_h = y2 - y1

Pointing

import cv2
points=[[462, 184]]
img = cv2.imread(img)
radius = 6
cv2.circle(img, (x, y), 
radius * 2, (255, 0, 
0), -1)
cv2.putText(img, 
str(idx+1), (x + radius 
+ 3, ...)

Annotate

from PIL import Image, 
ImageDraw
boxes = [[0, 0, 223, 223], 
[244, 0, 467, 223], [473, 0, 644, 
223] …]
img =Image.open(.)
draw = 
ImageDraw.Draw(.)
for(x1,y1,x2,y2)in 
boxes:draw.rectangle((

These trajectories provide verifiable supervision of the
atomic skills used for SFT as cold-start. In Appendix 2.1,
we provide the comprehensive recipe on trajectory synthe-
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How many birdhouse patterns 
are there in the image?

<think> 
Looking at the image, I can see 
a collection of nine distinct 
birdhouse patterns arranged in 
a 3x3 grid. Each birdhouse has 
unique designs and colors, 
making them easy to count.  
Let's call execute_python_code 
to highlight the important 
information. 
</think>

from PIL import Image, ImageDraw
boxes = [[0, 0, 223, 223], [244, 0, 
467, 223], [473, 0, 644, 223] …]
img = Image.open(‘input_image.jpg')
draw = ImageDraw.Draw(img)
for (x1,y1,x2,y2) in boxes:
    draw.rectangle(((x1, y1), (x2, 
y2)), outline="red", width=5)
img

Observation

<think> 
After examining each of the 
nine squares, I confirm that 
there are indeed nine different 
birdhouse patterns. Each one 
is clearly separated from the 
others, so I can confidently 
state the total number.  

</think> 
<answer>9</answer>

Is the color of the house tan?

<think> 
Initially, it looks like the house in the 
background could be tan, but given how 
the lighting is affecting the whole scene, 
I'm not entirely sure.  
Let's call execute_python_code to draw 
pointings on the detected object for 
further verification. 
</think>

# draw points
import cv2
points = [[462, 184]]
img = cv2.imread('input_image.jpg')
radius = 6
cv2.circle(img, (x, y), radius * 2, 
(255, 0, 0), -1)
cv2.putText(img, str(idx+1), (x + 
radius + 3, ...)
img Observation

<think> 
Looking once more, I see there's a section in the side 
where the lighting affects the colors differently. 
Because the initial focus was focused on the tan house 
at <box>[463, 168, 500, 217]</box>, but our attention 
should be toward the overall setting. From these 
details, I remain unsure if the answer is yes or no. 
Let's call execute_python_code to crop and zoom-in 
the target region for a closer look. 
</think>

# crop + zoom-in
from PIL import Image
img = 
Image.open('input_image.jpg')
bbox_2d = [463, 168, 500, 217]
sub_img = img.crop(bbox_2d)
x1, y1, x2, y2 = bbox_2d
bbox_w = x2 - x1
bbox_h = y2 - y1
# Zoom-in image
...

Observation

A. Cross-domain tool transfer

B. Spontaneous tool composition

How many headsets are 
there in the image?

<think> 
Looking at the image, I can see a grid 
of headsets arranged in two rows. The 
first row contains five headsets, and the 
second row also has five headsets.  
Let's write and execute Python code to 
draw a grid on the image for better 
visualization. 
</think>

import cv2
img = cv2.imread('input_image.jpg')
grid_size = 5
cell_size = img.shape[1] // 
grid_size
for i in range(grid_size):
    for j in range(grid_size):
        cv2.rectangle(img, …)

Observation

<think> 
Counting each headset 
individually, I find a 
total of ten distinct 
headsets spread across 
the two rows.  
</think> 
<answer>10</answer>

C. Novel tool attemptingUser Query Assistant

User Query Assistant

User Query Assistant

<think> 
Examining the new, magnified section 
of the house, the previous confusion 
comes from the distorted perspective 
and lighting. Despite being partially 
obscured from direct view, there are no 
clear visual cues indicating a tan color. 
Therefore, the conclusion should be 
</think> 
<answer>No</answer>

"No".

Figure 3. Intriguing and novel reasoning trajectories emerge during RL. These behaviors are absent from the SFT data and arise from
pretrained knowledge further shaped by RL, reflecting our design of adaptive tool invocation. These emergent patterns motivate our scaling
study in Figure 4, where we further examine whether these capabilities strengthen with larger data, longer training, and bigger models.

sis, filtering and code integration for SFT data, with addi-
tional examples for RL training.

4. Experiments

Implementation Details. Our method can be seamlessly
integrated into popular MLLM architectures. In our experi-
ments, we mainly build on Qwen2.5-VL-7B [1] as the base
model, and compare against both open-source reasoning
MLLMs (e.g., DeepEyes [43]) and advanced closed models
(e.g., GPT-4o) across four benchmark categories: math rea-
soning (MathVista [10], MathVision [24], MathVerse [37],
WeMath [14], general reasoning (ChartQA [11]), count-
ing (PixmoCount [5], CountBench [13]), and visual search
(V* Bench [29], HRBench [25]). For training, we adopt
SWIFT [42] for SFT and VeRL [18] for RL. We empiri-

cally set γ = 4, δ = 0.2, and β = 0.2. To ensure a fair
comparison, we adopt VLMEvalKit [6] as the evaluation
framework. The max-turn is set to 6 in training and 10 in
evaluation. We include additional details in Appendix.

4.1. Visual Reasoning Tasks

As Table 1, CodeDance attains strong results across diverse
visual reasoning benchmarks, including counting, visual
search, and chart understanding. Notably, it achieves state-
of-the-art performance on Counting and ChartQA, outper-
forming the baseline by a large margin and surpassing even
larger models. These improvements highlight the advan-
tage of executable code as a reasoning medium: by dele-
gating fine-grained visual analysis to code-based tools, it
extends beyond the raw perceptual capacity of the base
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Table 3. Ablation study on reward design. We report accuracy, average turns, and execution success rate on different reasoning benchmarks.

Components CountBench
Acc. / Turns

Pixmo
Acc. / Turns

V* Bench
Acc. / Turns

HR 4K
Acc. / Turns

HR 8K
Acc. / Turns

MVsion
Acc. / Turns

MVerse
Acc. / Turns

Avg.
Acc. / Turns

Succ.

SFT Cold-Start (w/o RL)
85.3
1.27

66.9
1.39

82.7
2.01

72.1
1.17

67.1
1.09

23.0
2.84

41.4
2.19

62.6
1.71

0.96

RL with Racc+Rformat
89.0
1.22

72.9
1.54

84.8
1.00

74.5
1.03

71.1
1.04

28.6
1.97

46.5
2.17

66.8
1.42

0.97

+RDeepEyes [43]
83.1
2.35

70.6
2.25

86.4
2.01

75.8
2.07

70.3
2.12

26.6
2.65

46.3
2.37

65.6
2.26

0.97

+RBAT-w/o Turn-level Reward
87.4
1.01

78.8
1.00

86.4
1.12

75.1
1.07

70.1
1.08

28.6
1.97

46.3
2.41

67.5
1.38

0.91

+RBAT (CodeDance)
91.2
1.00

77.1
1.00

84.8
1.00

75.2
1.06

72.3
1.06

29.6
2.19

46.8
2.35

68.1
1.38

0.99
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Figure 4. Scaling up compute budget on four dimensions: dataset size for SFT, model capacity, max-turns during inference and RL steps.

model, yielding gains that cannot be achieved through scal-
ing alone, particularly on perception-heavy tasks.

4.2. Math Reasoning Tasks
In mathematical reasoning, CodeDance shows consistent
gains over open-source baselines (see Table 2). For in-
stance, it improves accuracy on MathVision from 25.0 to
29.6 (+18.4%) and on WeMath from 35.4 to 39.6 (+11.9%),
while maintaining competitive results on other benchmarks.
These tasks require precise symbolic manipulation and
stepwise calculations, which are naturally supported by ex-
ecutable code. By externalizing intermediate steps into ver-
ifiable scripts, CodeDance demonstrate strong accuracy and
reliability than relying solely on internal approximation.

4.3. Key Findings: Emergent Behaviors during RL
Throughout the RL process, we observe novel and surpris-
ing empirical findings (shown in Figure 3) that go beyond
the atomic supervision provided during SFT. These findings
point toward the scalability of code as a general reasoning
medium, and we empirically study the potential in Figure 4.

Cross-domain tool transfer. We observe an emergent
generalization ability in our CodeDance, where visual oper-
ations defined for a specific task can be repurposed in other
contexts. For example, the bounding-box operation was ini-
tially designed to highlight particular results within chart
tasks in our SFT data. However, the model demonstrates
the ability to adapt this operation for counting tasks during
RL training: e.g. In Figure 3A, the MLLM assistant first

localizes all candidate objects by drawing bounding boxes,
then validates the correctness of each localization, and sub-
sequently derives the final count. Additional tool transfer
trajectories can be found in our Appendix. Such behavior
indicates that task-specific visual operations are not rigidly
bound to their original purpose, but can be flexibly gen-
eralized to support broader multimodal reasoning scenar-
ios. This suggests that visual operations such as bounding
boxes can function as general reasoning primitives, serving
as transferable building blocks across heterogeneous tasks.

Novel tool composition of learnt capabilities. Al-
though during SFT data curation and collection, each task
was restricted to a single predefined tool or coding opera-
tion, we observe that after post-training the model develops
the ability to compose multiple atomic operations to address
more complex tasks beyond the training coverage: In Fig-
ure 3B, to validate the color of the house, the MLLM as-
sistant first applies a pointing operation to check the house
position correctness, then use crop with zoom-in to focus
on fine-grained details. Similarly, we show example in Ap-
pendix Figure 10 that the bounding-box drawing and crops
are combined to focus and solve the chart reasoning task.
These observations highlight the emergence of novel tool
compositions, where elementary visual operations are flex-
ibly combined to form higher-level reasoning strategies.

Incentivizing emergence of novel unseen capabilities.
Interestingly, we also find that the model exhibits a certain
potential to generate tool codes not explicitly defined in the
SFT data. These codes appear to be drawn from the model’s
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Figure 5. Entropy and validation accuracy of model’s generation.

pretraining knowledge and are occasionally activated dur-
ing the post-training stage. For example, when asked to
count the number of headsets in an image (Figure 3C), the
MLLM does not directly respond with a number, but instead
attempts to write Python code with OpenCV functions (e.g.,
using cv2.rectangle to overlay a grid for better visual-
ization). This observation suggests that, beyond reproduc-
ing SFT-defined behaviors, the model attempts to reuse and
adapt pretrained capabilities (e.g. complex OpenCV opera-
tions) to support reasoning tasks, indicating a certain poten-
tial for more flexible tool usage.

4.4. Ablation Studies
Validation of reward design. We compare three reward
designs for guiding tool usage (Table 3): (i) GRPO-reward
(Outcome-level reward) focuses only on final-answer cor-
rectness. While it shortens interaction turns, it discourages
tool usage and underperforms on complex tasks. (ii) Deep-
Eyes reward grants positive signals for every successful tool
execution upon accurate answer. Although this encourages
exploration, it also leads to tool overuse on trivial prob-
lems, increasing turns without consistent accuracy gains. A
qualitative example is provided in AppendixFigure 7. (iii)
Our reward RBAT for adaptive tool-call balances the two ex-
tremes by penalizing redundant calls and rewarding selec-
tive, high-impact interactions. As Table 3, outcome-level
GRPO under-utilizes tools, and the DeepEyes reward in-
flates turns without reliable accuracy improvement. Fur-
thermore, removing the turn-level reward severely degrades
the execution success rate. Overall, the full RBAT achieves
the best overall accuracy while avoiding unnecessary tool
use, consistently surpassing both baselines.

Validation on scaling up the compute budget. Moti-
vated by the emergent behaviors observed in Figure 3, we
further examine whether CodeDance continues to benefit
from scaling along four axes, as summarized in Figure 4.
(i) Training dataset size for SFT, including Math Rea-
soning (MathVision, MathVerse, MathVista), Visual Search
(V*, HR 4K, HR 8K), and General (ChartQA, MMVet,
MMStar). We consistently observe that enlarging the SFT
dataset from 5K to 34K yields steady accuracy gains, show-
ing that both tool selection and symbolic planning bene-
fit from broader coverage. (ii) Increasing model capac-
ity from 3B to 7B substantially boosts reasoning bench-
marks such as counting and search, where CodeDance-3B
even outperforms a stronger 7B model. (iii) Extending RL
training up to 240 steps further improves accuracy without
overfitting, supported by our reward design RBAT. (iv) In-
crease the inference turn budget. Although we set a maxi-
mum of 6 turns of the RL training, we observe that allowing
more turns at inference (10) continues to improve reason-
ing performance. In experiments, the model achieves addi-
tional gains even beyond 6 turns (0.3%), suggesting that the
learned policy can generalize to longer reasoning horizons.

Empirical study on inference entropy and accuracy.
In Figure 5, we evaluate the impact of incorporating turn-
level reward (Rturn) on training dynamics and generaliza-
tion. We study the impact of turn-level reward in RBAT
on several benchmarks, mainly including visual search (V∗

Bench), math reasoning (MathVista, MathVerse, MathVi-
sion), and counting benchmarks (PixmoCount and Count-
Bench). (a) Entropy: Without Rturn, policy entropy col-
lapses quickly because flawed intermediate steps may still
lead to correct final answers, reinforcing shortcuts and lim-
iting exploration [35]. With Rturn, intermediate penalties
delay collapse, sustaining exploration. (b) Validation Accu-
racy: The additional corrective signals prevent premature
convergence and translate into consistently higher accuracy,
showing that local feedback improves global generalization.

5. Discussion
We present CodeDance, a task-aware, difficulty-adaptive
MLLM that uses executable code for tool-integrated visual
reasoning. By allowing models to define and execute code,
CodeDance enables flexible reasoning with interpretable in-
termediate evidence, while promoting adaptive tool calls
and discouraging tool spamming. During RL, CodeDance
exhibits emergent behaviors beyond supervised skills, in-
cluding novel tool routines, compositional strategies, and
cross-domain transfer. We further verify its scalability, ob-
serving clear and consistent gains with increased compute
budget. Even at the 7B scale, CodeDance achieves compet-
itive performance across diverse benchmarks, highlighting
code-based, difficulty-adaptive reasoning as a scalable and
transferable paradigm for multimodal and agentic AI.
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