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Supplementary Material

Appendix

This appendix serves to enhance the reproducibility and
transparency of our work by supplementing the main pa-
per with critical technical details and experimental analyses.
We provide additional implementation details (e.g., pipeline
and examples of the trajectory construction, training setups,
and hyperparameters), further descriptions and comparisons
of our curated datasets and prompt templates, additional
qualitative and quantitative results on various benchmarks,
and extended discussions on design choices, broader im-
pacts, limitations and future works.
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1. Additional implementation details

1.1. Hyperparameters in training and inference
In Table 1, we present the additional hyperparameters used
for training our model on the multimodal reasoning tasks.

We primarily adhere to the same settings as Qwen2.5-
VL [1], and these parameters are mostly applied across
other tasks.

Table 1. Hyperparameters used in training/inference.

Param. Name Value / Type

SFT
Batch size 128
Learning rate 5e-5
Warmup ratio 0.05

RL

Numerical precision BF16
Global batch size 256
Rollout 8
Total epochs 1
Time ∼2 Days

Inference & Eval Deployment platform vLLM [10]

1.2. Implementation of Code sandbox

To safely execute model-generated programs during train-
ing and evaluation, we run all Python code in an inter-
nal sandboxed environment. Each execution instance is
assigned an isolated working directory and a dedicated
namespace for variables, functions, and imports; for mul-
timodal tasks, input images are stored in the correspond-
ing temporary directory and are only visible within that in-
stance. This design avoids interference across concurrent
rollouts and confines state to a single trajectory.

Before running user code, the sandbox disables a small
set of APIs that may compromise the stability (e.g., block-
ing user input, direct process termination), and treats each
execution as an atomic transaction: if a run fails or is in-
terrupted, partial updates are discarded and the logical state
of the instance reverts to the last successful step. We fur-
ther enforce a strict per-call wall-clock time limit (15s by
default); when the limit is exceeded, the current execution
is aborted and a timeout status is returned. Finally, the
sandbox centralizes observability by capturing structured
stdout/stderr logs and graphical outputs produced by com-
mon plotting libraries (e.g., matplotlib, PIL), which
are then fed back to the model as textual and visual obser-
vations. An illustration of interaction with the code sandbox
is shown in Figure 1.



Response …

Persistent execution environment

Reasoning  Code Reasoning  Code Response Reasoning  Code Response

r0
turn r1

turn rt
turn

Turn1 Turn2 Turn t

Gt
turnG1

turnG0
turn

…

…

Reasoning Answer

A0
turn A1

turn At
turn

Aseq

Turn-Level

Sequence-Level

Figure 1. Interaction of our reward design RBAT with the code sandbox (i.e., the execution environment).

1.3. Implementation of standard GRPO
Here, we reveal additional implementation details regard-
ing the RL algorithm used in our work. Group Relative
Policy Optimization (GRPO, Shao et al. [17]) has demon-
strated strong effectiveness across diverse tasks, particularly
in multi-turn tool call agents and “thinking with images”
system [6, 7, 18, 23]. Unlike PPO [16], GRPO removes the
need for a separate value network by directly computing ad-
vantages from the normalized rewards of G sampled solu-
tions. Formally, let πθold and πθ denote the policy model (pa-
rameterized by θ) before and after the update, respectively,
both defined over the action/token space at each position.
For a question q sampled from a task dataset Q, a group of
G candidate solutions τi ∼ πθold are rolled out and evalu-
ated with a reward function r(·). Building on the clipped
surrogate objective of PPO, we write the objective J in an
empirical expectation form:

JGRPO(θ) = Eq∼Q, {τi}G
i=1∼πθold (·|q)

[
1

G

G∑
i=1

1

|τi|
(1)

|τi|∑
t=1

min
(
ri,tAi,clip(ri,t, 1− ε, 1 + ε)Ai

)]
.

where ri,t =
πθ(τi,t|q,τi,<t)
πθold (τi,t|q,τi,<t)

, ε = 0.2 by default, and
clip(·) denotes the clipping operator for stability. We omit
the KL penalty here for simplicity. The normalized within-
group reward then defines the advantage Ai of solution τi:

Ai =
r(τi)− mean({r(τj)}Gj=1)

std({r(τj)}Gj=1)
. (2)

We mostly followed the original implementation of
GRPO [17] to compute outcome-driven advantage Aseq .

2. Data engineering

2.1. Dataset curation

Here, we firstly discuss several related works on data syn-
thesis for MLLM training to complete the related works.
Then, we show details of our dataset curation pipeline.
Background: Synthetic reasoning data for MLLM post-
training. High-performance MLLMs require substantial
instruction-following training data with detailed reasoning
trajectories. Recent approaches include converting existing
datasets using fixed templates [4, 20] or distilling knowl-
edge from strong teacher models [2, 19, 22], with a focus
on developing specific capabilities such as visual-centric
reasoning [11] and mathematical problem-solving assisted
by visual cues [3, 8]. However, several limitations per-
sist in existing approaches: (i) tool-grounded verification
mechanisms are often absent, and (ii) visual operations
are typically limited to fixed schema such as cropping or
zooming in [18, 23]. In contrast, we synthesize and cu-
rate training data with comprehensive reasoning trajecto-
ries and tool/code-assisted responses across a wide range
of atomic visual operations, employing enhanced process
supervision including multi-judge filtering and consistency
validation. This leads to “thinking with images” reasoning
capability [15] with competitive performance while requir-
ing substantially less training data.
Synthesize high-quality cold-start trajectories for tool-
integrated reasoning (TIR). An overview of the curation
pipeline as a supplement of the main paper is shown in Fig-
ure 2 and a detailed example is in Figure 3. In addition, the
dataset used for our trajectory synthesis is primarily com-
posed of the following datasets:
• Mathematical Reasoning: MMK12 [14], Retool [6].
• Table Data: ChartQAPro [13], chartgemma [12].
• Natural Images: SA1B [9].



• General Data: Mulberry [21].
For the RL training, our data mainly comes from Deep-
eyes [23], SA1B [9] and PixmoCount train [5].

2.2. Prompt templates
Prompt templates used in SFT data synthesis. To en-
sure the reliability and consistency of synthesized data, we
design a set of standardized prompt templates tailored for
different stages of the vision-language data pipeline. These
templates serve complementary purposes: (i) In Table 2:
assessing the informativeness of candidate images to guar-
antee sufficient visual complexity for fine-grained reason-
ing; (ii) In Table 3: labeling and locating the objects that
most match the question. (iii) In Table 4: validating the
quality of automatically generated visual question–answer
pairs; (iv) In Table 5: enforcing a structured step-by-step
reasoning process with explicit final answers; and (v) In Ta-
ble 6: enhancing reasoning accuracy by incorporating code
interpreter support for precise numerical or logical calcu-
lations. Together, these prompt templates provide a com-
prehensive and systematic framework for controlling data
quality during synthesis, thereby improving the robustness
and utility of the resulting multimodal datasets.

Table 2. Prompt template for assessing image informativeness.

You are an expert vision-language analyst.
Task
1. Observe the entire image.
2. Decide whether the picture meets all Four conditions
below:
A. Diversity – Contains ≥ 4 different object categories
or ≥ 6 individual objects.
B. Distinguishability – Includes at least one object that
is mostly un-occluded, covers ¡ 30% of the image area,
and is not repeated by many visually identical copies.
C. Zoom-in Benefit – For that object (or another), some
informative fine-grained detail (e.g., printed text, small
logo, numerical value, subtle texture, or facial expres-
sion) would become noticeably clearer if the region were
enlarged. In other words, a close-up view would mate-
rially help a downstream model answer a question about
that object.
D. Is it suitable to come up with some VQA questions
that require fine-grained understanding?
3. If all A, B, C, D are satisfied, Please respond with
“True” or “False”.

Prompt templates used in RL training. We provide the
RL training prompt template in Table 7. This template il-
lustrates the input–output format and executable code con-
straints used during RL rollouts, offering additional trans-
parency and reproducibility of our training setup.

Table 3. Prompt template for bbox generation.

Please detect the entire object that most matches the ques-
tion in the image.
Question: {question}
If the target is part of an object, you need to give the bbox
of the entire object.

For each object, return:
- ’label’: the object name
- ’bbox_2d’: the object’s bounding box coordinates as
[x1, y1, x2, y2].

Respond in a JSON array, where each entry is a dictio-
nary with ’label’ and ’bbox_2d’.

Table 4. Prompt template for visual question validation.

You are a quality control assistant. Your task is to evaluate
a visual question based on the provided image, question,
and correct answer.
Image: [Image is attached]
Question: {question}
Provided Correct Answer: {correct_answer}

Evaluation Criteria:
1. Correctness: Is the provided “Correct Answer” truly
the correct answer based on the image?
2. Difficulty: Is the question non-trivial? It should require
careful observation of details and not be something overly
simple or obvious (e.g., “What color is the sky?”).

Your Response:
Respond with “GOOD” if the question meets BOTH crite-
ria.
Respond with “BAD” if the question fails one or both cri-
teria. Do not provide any other explanation or text.

Table 5. Prompt template for step-by-step solving with answer tag.

Solve the following problem step by step and then provide
the final answer.
The final answer MUST BE enclosed within <answer>
</answer> tags.
Question: {question}
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import sympy as sp
# Let t be a symbolic variable
t = sp.symbols('t')

# Matrix M with rows as barycentric coordinates 
of D, E, F
M = sp.Matrix([
    [1/2, (1-t)/2, t/2],
    [1/4, (3-t)/4, t/4],
    [1/8, (3-t)/8, (4+t)/8]
])
# Compute the determinant
det_M = M.det()
# Print the symbolic determinant
print("Determinant:", det_M)

from PIL import Image, 
ImageDraw

image = input_image
draw = ImageDraw.Draw(image)
# Draw a red horizontal line at the 
75-case level (y=131)
draw.line([(0, 131), (image.width, 
131)], fill="red", width=2)

# The first peak above the line is 
at x-coordinate ~575.
draw.rectangle([(570, 95), (585, 
350)], outline="blue", width=3)
image.show()

from PIL import Image

img = Image.open('input_image.jpg')
bbox_2d = [1478, 924, 1543, 982]
sub_img = img.crop(bbox_2d)
x1, y1, x2, y2 = bbox_2d
bbox_w = x2 - x1
bbox_h = y2 - y1
# Zoom-in image
if bbox_w < 28 or bbox_h < 28:
    if bbox_w > 0 and bbox_h > 0:
        scale = 56 / min(bbox_w, bbox_h)
        new_w = int(bbox_w * scale)
        new_h = int(bbox_h * scale)
        ...
result_img

Figure 2. Overview of the SFT dataset curation pipeline. Top: Weak-to-strong filtering. Candidate samples from diverse domains
(mathematics, science, visual reasoning, charts) are validated for quality and correctness through automated inspector modules. A weak
VLM removes trivial or low-information cases, while a stronger VLM further stratifies the remaining data into medium- and hard-difficulty
sets. Middle: Multi-turn atomic supervision. The curated data are organized into three categories. (a) Predefined image operations (e.g.,
crop, resize, rotate), where medium samples produce single-turn trajectories and hard samples produce multi-turn reasoning with interpreter
feedback. (b) Mathematical reasoning, where language-based CoT traces are decomposed into step-level atomic operations and converted
into executable code. (c) Open-ended visual operations (e.g., drawing, annotation), where questions, feedback, and snippet verification
form multi-turn executable trajectories. Bottom: Example executable snippets illustrating the supervision format across image processing,
symbolic computation, and visual annotation. A detailed curation pipeline example is shown in Figure 3.

Example SFT training data. To better illustrate the con-
struction of SFT data, we provide representative examples
of atomic operations. As shown in Figure 4, the top tra-
jectory corresponds to a two-turn reasoning process, where
the model iteratively performs cropping, observes interme-
diate results, and reflects on the correctness before locating

the accurate price tag of a specific toothbrush. In contrast,
the bottom trajectory demonstrates a single-turn process, in
which the model directly identifies the phone number from
a cropped sign. These cases exemplify how SFT data cap-
tures both multi-step and single-step reasoning, integrating
tool invocation, visual observation, and answer generation.



Figure 3. An illustration of curating tool-integrated reasoning trajectories (for cropping operations here). Representative good and bad
cases are shown on the right, covering incorrect answers, trivial or mismatched bounding boxes, and fully valid QA pairs. A rule-based
filter further removes outputs with implausible bounding boxes. Similar operations are applied when synthesizing other trajectories with
different atomic capabilities. Best viewed in color with zooming in.



Table 6. Prompt template for revised thinking with code interpreter.

You are a helpful AI assistant. Initially, when solving a question, you would need to think step by step, without the
ability to use code for calculation. Now, you have the capability to write code to use the code interpreter for calculation.
The code will be executed by a sandbox, and the result can be returned to enhance your reasoning process. You can
now leverage code to enhance your calculation while still maintaining the reasoning process.
The thinking process can have multiple code snippets. Each code snippet is wrapped with
<code>

‘‘‘python

code snippet

‘‘‘

</code>

The returned result is wrapped with
<interpreter> execution results</interpreter>

Goal: Modify the original thinking process to make it more accurate by replacing manual calculation steps that can
benefit from code execution with the corresponding code snippets and their interpreter’s execution results. The core
reasoning logic from the original thinking process, including any unsuccessful attempts, should remain unchanged.
You should only replace the necessary manual calculation steps with code and interpreter’s execution results, without
altering the rest tokens of the thinking process.
User Question: {question}
Original Thinking Process (without code interpreter’s support):
<original_thinking_process> {original_response} </original_thinking_process>

Details:
1. Identify sections where code execution could speed up the reasoning process or make the calculation more accurate.
For simple calculations, you should keep the original text-based reasoning process without executing any code.
2. Replace the manual calculation steps with code snippets and the corresponding interpreter’s execution results.
3. Keep the logical flow of the reasoning process intact, including any failed exploration attempts that were part of the
initial process.
4. The code snippets should be complete scripts, including necessary imports.
5. Outputs in the code snippets must explicitly call the print function.
6. Execution results should match the model’s output exactly, with no extra or missing tokens.
7. If, during the revised thinking process, you obtain the same result as in the original reasoning, you may omit
numerical computations and refrain from simplifying to specific numeric values.
8. If the Original Thinking Process does not include an <answer> section at the end, please add it:
<answer> \boxed{{’The final answer goes here.’}} </answer>

Revised Thinking Process (With code interpreter’s support):

3. Additional empirical studies

3.1. Visualization of sequence/turn-level rewards
Figure 1 illustrates how the sequence-level reward Rseq and
the turn-level reward Rturn defined in the main paper are
applied along a multi-turn trajectory in the persistent ex-
ecution environment. Each query is solved through a se-

quence of Reasoning–Code–Response turns, where code
is executed in a shared sandbox so that intermediate vari-
ables and visual artifacts can be reused across turns. After
the whole trajectory τ is completed, the sequence-level re-
ward Rseq is computed from the final-answer correctness
and the global tool-use statistics (Nsucc(τ), Ntotal(τ), µacc).
The corresponding sequence-level advantage Aseq is then



Figure 4. Example SFT training data of an atomic operation (zoom-in operation here). Top: two-turn, bottom: a single-turn trajectory.

broadcast to all tokens in the trajectory (green bars at the
bottom of the figure), providing an outcome-level learning
signal that adaptively encourages or discourages overall tool
usage depending on task difficulty.

Inside the red dashed box, the turn-level component is
computed from execution outcomes at each turn m. Failed
executions receive an immediate negative penalty rturn,m <
0, while successful or no-code turns receive rturn,m = 0.
These per-turn penalties are accumulated into discounted
returns Gm

turn and normalized into advantages Am
turn, which

are only assigned to the tokens of that specific turn (colored
segments in the figure; hatched regions indicate zero turn-

level signal). The final token-wise advantage is obtained by
combining the global Aseq with the local Am

turn of its turn.

3.2. Hyperparameters in our method

3.2.1. Sensitivity of RBAT Hyperparameters

Recall that the sequence-level component of our reward is
defined in Eq. (3) as

Rseq(τ) =
(
0.5 + 0.5 · 1{Racc(τ) > 0}

)
d(µacc)

Nsucc(τ)

Ntotal(τ)
,

(3)



Table 7. Prompt template for Reinforcement Learning Rollout.

User. <image> Question: {question}
Think step-by-step within <think></think>. You
now have the ability to selectively write executable
Python code to enhance your reasoning process. The
Python code should be complete scripts, including nec-
essary imports.
Each code snippet is wrapped with
<code>

‘‘‘python

code snippet

‘‘‘

</code>

You must provide your final answer in
<answer> </answer>.

where the scaling term d(µacc) is defined as d(µacc) =
σ
(
γ(0.5− µacc)

)
− δ , µacc ∈ [0, 1] is the group-level accu-

racy, σ(z) = 1/(1+e−z) is the logistic function, and (γ, δ)
control how strongly the group accuracy modulates the in-
centive on tool calls. Here, Nsucc(τ)

Ntotal(τ)
measures the proportion

of successful tool executions within the trajectory, and the
leading term

(
0.5+0.5 ·1{Racc(τ) > 0}

)
switches the base

weight according to final-answer correctness. Intuitively,
d(µacc) decreases as µacc increases: it amplifies successful
tool calls when the group is struggling (low µacc) and sup-
presses unnecessary calls when the group already performs
well (high µacc). The hyperparameters control this behav-
ior: γ adjusts how sharp the transition is, δ shifts the base-
line and determines whether suppression occurs in high-
accuracy regimes, and β is the discount factor for per-turn
penalties in Rturn. In the main experiments we set γ = 4,
δ = 0.2, and β = 0.2. The sensitivity results are summa-
rized in Figure 5.

3.2.2. Effective range and bounds of d(µacc)

As σ(·) ∈ (0, 1) for all real inputs and µacc ∈ [0, 1], the
scaling term d is deterministically bounded as

−δ < d(µacc) < 1− δ.

Importantly, negative values of d are intentional rather than
pathological: they occur only when the group-level accu-
racy µacc is sufficiently high and are used to discourage un-
necessary tool calls on easy queries. The sign flip of d hap-
pens at a unique threshold

µ⋆
acc = 0.5− 1

γ
σ−1(δ), where σ−1(u) = log

u

1− u
.
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Figure 5. Training dynamics of RBAT under three (γ, δ) configu-
rations. We plot accuracy (top) and average reasoning turns (bot-
tom) over training steps on the union of RL benchmarks. Accuracy
is relatively stable across γ ∈ {4, 5} (i.e., γ mainly smooths the
transition in d(µacc)), whereas setting δ = 0 removes suppression
for high-µacc groups and leads to steadily increasing tool usage
with only marginal accuracy gains. Our default (γ, δ) = (4, 0.2)
maintains high accuracy while restraining unnecessary tool calls.

For γ = 4, δ = 0.2, this gives a transition around

µ⋆
acc ≈ 0.5 +

1

4
log

1− 0.2

0.2
,

i.e., only when most rollouts in the group are already cor-
rect does d become slightly negative. In all other regimes
(medium or low µacc), d > 0 and RBAT increases the rel-
ative value of successful tool calls. Together with the per-
turn penalty Rturn for failed execution, this design prevents
degenerate tool-spamming or tool-off behaviors: on easy
tasks, negative d discourages extra calls; on hard tasks, pos-
itive d amplifies the benefit of correctly executed tools.

3.2.3. Hyperparameter over (γ, δ)

We run an ablation on (γ, δ) to probe RBAT ’s behavior
in practice. Concretely, we train three settings, (4, 0.2),
(4, 0.0) and (5, 0.2), and monitor training accuracy and
average tool calls per example. This lets us (i) compare
γ ∈ 4, 5 at fixed δ = 0.2, and (ii) isolate the effect of en-
abling vs. disabling suppression at high group-level accu-
racy by varying δ ∈ 0, 0.2 at fixed γ = 4.

Empirically, γ has little effect on training accuracy, while



setting δ = 0 removes suppression for high-µacc groups
and causes substantially more tool calls with similar accu-
racy, i.e., tool overuse. Our choice (4, 0.2) keeps accuracy
high while restraining unnecessary tool usage. The result is
shown as Figure 5.

3.3. Analysis of Reasoning Depth
Our policy aligns reasoning depth with task difficulty.
We plot task difficulty (measured by GPT-4o ACC.) vs.
number of turns (see Fig. 6) and validate that harder prob-
lems indeed induce longer reasoning turns, while easier
ones terminate early.
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Figure 6. Reasoning depth vs. task difficulty.

4. Additional qualitative results
Reward-hacking case when using naive tool call reward
for code generation. A naive reward scheme that sim-
ply reinforces every successful tool call is prone to reward
hacking, where the model exploits loopholes in the reward
design rather than genuinely improving reasoning. For in-
stance, we observe failure cases in Figure 7 in which the
model generates degenerate tool outputs (e.g., code consist-
ing only of commentary lines without actual execution) that
nevertheless satisfy superficial reward signals. Such behav-
iors artificially inflate tool success metrics while providing
no real contribution to solving the task, thereby misleading
training and undermining reasoning quality.

4.1. Failure cases observed in our experiments
Although our model performs competitively across bench-
marks, several failure modes are still observed, and we sum-
marize them in Figure 8.

First, inaccurate or suboptimal cropping may occur when
the model misidentifies the target region or when visual
cues are subtle. As shown in Case A, the model selects
an overly large bounding box around the person, causing

the cropped image to mix multiple objects; the model still
answers correctly, but the tool invocation is clearly mis-
aligned. Second, the model may miss partially obscured
objects in complex scenes. In Case B, our model correctly
identifies and marks visible individuals but fails to consider
whether additional people might be hidden or partially oc-
cluded, leading to an incomplete final count.

These cases highlight the remaining challenges in pre-
cise localization and robust multi-step verification under
ambiguous or cluttered visual conditions.

4.2. Additional novel reasoning trajectories
In Figure 9, we show step-by-step reasoning trajectories
across three distinct vision tasks on tool transfer:

Top-row of Figure 9: The assistant tackles a spatial re-
lational question by first localizing both the bear and the
white rock using bounding boxes. It then uses PIL to draw
red/blue rectangles around each object, visually verifying
their relative positions. This demonstrates code-mediated
spatial reasoning. Instead of relying on implicit attention
maps or pretrained spatial priors, the model actively con-
structs visual evidence through code. The act of drawing
bounding boxes serves as an internal “visual scratchpad”,
enabling explicit comparison of object positions, which is
crucial for fine-grained spatial inference where ambiguity
exists.

Mid-row of Figure 9: The assistant identifies four
candidate regions containing parrots based on ini-
tial visual inspection. It then executes a loop of
img.crop(bounding box) operations to isolate each
region, visually confirming that each cropped area contains
a unique, clearly distinguishable parrot. This iterative crop-
ping and verification ensures no over- or under-counting.
This exemplifies verification-driven counting. Rather than
predicting a number directly (which risks hallucination or
confusion with similar objects), the system uses tool-based
segmentation to reduce the problem to a series of binary ver-
ifications (“Is this one a parrot?”). The modularity of PIL
operations allows the model to treat counting as a composi-
tional task — scaling naturally to more complex scenes.

Bottom-row of Figure 9: Given a scientific graph with
brightness vs. time, the assistant zooms into panel (c) using
img.crop() to focus on the region with arrows. It ob-
serves sharp downward spikes in the curve at those points
and infers they represent sudden drops in brightness, not
measurement noise or calibration artifacts — based on the
magnitude and shape of the dips.

Similarly, the trajectories in Figure 10 reveal iterative,
self-correcting reasoning enabled by dynamic tool compo-
sition, which is based on tool transfer ability since we only
define a single set of tool/ability for each task during SFT.

Top-row of Figure 10: The assistant first attempts to lo-
cate the person in the striped shirt relative to the woman



Figure 7. An example of a reasoning trajectory exhibiting reward hacking (using a naive DeepEyes-style tool reward for code generation).
The MLLM exploits the reward by generating code with only commentary lines, which is not actually executed.

What is the color of the 
watchband?

User Query Assistant

<think> 
The image shows a sunny day in a picturesque 
town with white-washed buildings and 
cobblestone streets. There are several people 
walking around, and the architecture features 
blue accents, typical of certain Mediterranean 
styles. The scene is vibrant with natural light 
and colorful details like flowers and plants.  
The task seems to be identifying the color of 
the watchband worn by one of the individuals 
in the image. Observing the person on the right 
side of the image, they are wearing a watch 
with a visible watchband. The coordinates 
appear to be <box>[808, 958, 1146, 1987]</
box> Let's call execute_python_code to crop. 
</think>

# python
from PIL import Image
bbox_2d = [808, 958, 1146, 
1987]
img = 
Image.open(‘input_image.jpg'
)
sub_img = img.crop(bbox_2d)
sub_img

<think> 
The cropped image shows a person 
wearing a white top and a pink skirt. 
The individual is also holding a blue 
strap over their shoulder. Upon closely 
examining the wrist area, there appears 
to be a watch with a strap that matches 
the color of the strap being held. The 
strap is clearly visible and has a distinct 
blue hue.  
</think> 
<answer>blue</answer>Observation

How many people are there 
in this image?

User Query Assistant

<think> 
Looking at the image, I can identify three 
individuals seated around a table. Their 
approximate positions are <points 
x1="238" y1="618" x2="648" y2="440" 
x3="1170" y3="480" 
alt="people">people</points>. Let's call 
execute_python_code to draw pointings 
on the detected object for further 
verification. 
</think>

# python
import cv2
points = [[238, 618], [648, 440], [1170, 480]]
img = cv2.imread(‘input_image.jpg')
radius = 6
thickness = 3
for idx, (x, y) in enumerate(points):
    cv2.circle(img, (x, y), radius * 2, …
    …

<think> 
After marking these points, I scan 
the rest of the image carefully to see 
if there are any other people present. 
I don't spot any additional figures, 
so I am confident that the total 
number of people here is three.  
</think> 
<answer>3</answer>

Observation

A. Inaccurate/wrong cropping

B. partially obscured object

Figure 8. Failure cases found in our empirical studies. A: The model performs wrongly cropping. B: The person on the right edge is
partially obscured, thus hard to count.

drinking. It initially misidentifies coordinates, so it com-
poses two tools: First, it uses cv2.circle()to draw red
points at hypothesized locations — visually flagging po-
tential errors. Then, it corrects the coordinates and uses
PIL.Image.crop() to zoom into the region for closer
inspection. Finally, it confirms the spatial relationship: the
striped-shirt person is indeed to the left, seated next to the

drinking woman — no occlusion or misleading posture.
Bottom-row of Figure 10: The assistant must extract

a precise numerical value from a scientific plot showing
(∆m2) vs. sin2(2θ). It follows a multi-step strategy: Iden-
tify region: Uses ImageDraw.rectangle() to high-
light the blue shaded 90% confidence level (CL) band.
Zoom in: Crops the upper boundary of this region using



Is the white rock behind a 
bear? (Spatial understanding) 

User Query Assistant

<think>To determine if the white rock 
is behind a bear, I first need to locate 
the bear in the image. The bear is 
clearly visible in the center-right of 
the frame, lying on a log and 
packaging material. Next, I need to 
find the white rock in question; it is to 
the left in the foreground and partially 
behind the rock structure. 
 To verify the relative positions, I can 
draw bounding boxes around both the 
bear and the white rock. 
</think>

from PIL import Image, ImageDraw

bbox_2d_bear = [97, 48, 397, 304]

bbox_2d_white_rock = [1, 70, 93, 226]

img = Image.open('input_image.jpg')

draw = ImageDraw.Draw(img)

draw.rectangle(bbox_2d_bear, outline="red", 

width=2)draw.rectangle(bbox_2d_white_rock, 

outline="blue", width=2)

Observation

<think> 
The image contains the bounding boxes: one around the bear and the 

other around the white rock. Visually, the white rock is in the 

background, partially behind the larger natural rocks and close to the 

bear. The white rock is not directly behind the bear, but based on the 

question phrasing, "behind" can refer to placement near or slightly 

behind. Since the white rock is visibly positioned in the background 

area to the left, the bear is indeed near a white rock. The bear's 

presence partially obscures the behind view of the white rock but does 

not entirely block it from perception. Therefore, the answer given in 

the hint ("Yes") is logical.

</think> 
<answer>Yes.</answer>

Trajectories on tool transfer

How many parrots are there in 
the image? (Visual counting)

User Query Assistant

<think>Looking over the image, I 
spot four distinct parrots arranged in a 
grid-like pattern. Their approximate 
coordinates are <box>[0, 133, 104, 
252]</box>, <box>[105, 131, 214, 
252]</box>, <box>[105, 3, 214, 
123]</box>, and <box>[0, 3, 104, 
123]</box>.  
Let's call execute_python_code to 
crop. 
</think>

from PIL import Image

bbox_2d = [0, 133, 104, 252]

img = Image.open(‘input_image.jpg')

sub_img1 = img.crop(bbox_2d)

bbox_2d = [105, 131, 214, 252]

sub_img2 = img.crop(bbox_2d)

…

# crop all objects for verification

Observation

<think> 
After cropping the image to focus on the first parrot, I can clearly see 

its features and confirm that it is indeed a single parrot.

Looking at the cropped image, I can see another parrot clearly. This 

confirms that there are indeed four parrots in the original image. The 

coordinates for the second parrot are <box>[105, 131, 214, 252]</

box>. I can see a third parrot, which further supports the count. The 

coordinates for this parrot are <box>[105, 3, 214, 123]</box>.

Reviewing the final cropped image, I can see the fourth parrot, which 

matches the initial observations. All four parrots are distinct and 

clearly visible. Therefore, the total number of parrots in the image is 

four.

</think> 
<answer>4</answer>

What do the arrows in panel (c) most 

likely represent? (Chart reasoning)

A. Points of measurement error.

B. Sudden drops in brightness.

C. Calibration markers.

D. Time intervals of interest.

User Query Assistant

<think>The image shows a set of 
three scientific graphs labeled (a), (b), 
and (c), plotted against time. Graph 
(a) shows a step-like increase and 
decrease, graph (b) is on a log scale, 
and graph (c) is labeled 'Brightness'. 
The arrows are pointing to notable 
points on the 'Brightness' graph in 
panel (c)… 
Let's use python to crop and zoom-in 
the target region of interest. 
</think>

from PIL import Image

bbox_2d = [0, 133, 104, 252]

img = Image.open(‘input_image.jpg')

sub_img1 = img.crop(bbox_2d)

Observation

<think> 
The cropped image shows panel (c) from the graph, which depicts a 

line representing brightness over time. The arrows are pointing to the 

points on the graph where the brightness significantly drops. These 

points are not random fluctuations or measurement errors, as they 

represent clear, steep declines in brightness. They are not markers of 

the entire time interval, as they highlight specific instances rather than 

an interval. Therefore, the arrows most likely represent sudden drops 

in brightness.

</think> 
<answer>B</answer>

Figure 9. Novel reasoning trajectories on tool transfer to other tasks.

PIL.Image.crop() to isolate the extreme right edge —
where (∆m2) reaches its maximum within the CL. Finally
interpret scale and answer.

While these reasoning trajectories during RL exploration
are not without flaws, e.g. occasionally exhibiting impre-
cise coordinate estimation or redundant tool calls, they col-
lectively demonstrate the potential of tool-augmented mul-
timodal reasoning.

5. Discussion

Why code-based tool use, rather than API-style calls?
We adopt Python code as the medium for tool use because
it provides a general and compositional interface. Unlike
fixed API schemas, code naturally supports both tool in-
vocation and program logic (e.g., sequencing, conditionals,

loops, numerical computation). This richer interface allows
models to flexibly define and combine operations, and it
produces transparent and verifiable execution traces that can
be systematically inspected. In practice, code also makes
extension straightforward: adding a new tool only requires
exposing its API, without redesigning templates, retraining
connectors, or engineering complex prompts.

Why a single dense model, rather than an agent
pipeline? A unified dense model offers several practical
advantages over modular agent workflows: (1) it avoids
error propagation across multiple components by learning
an end-to-end interface; (2) it achieves lower latency and
compute cost, since reasoning and tool orchestration are
handled in a single forward pass; (3) it is more robust, as
performance does not hinge on the reliability of each sub-



Trajectories on tools composition

Is the striped shirt to the left 
of the woman drinking?

User Query Assistant

<think> 
I see the striped shirt is indeed to the left 
of the woman drinking, but I overlooked 
the coordinates slightly. Let's call 
execute_python_code to draw pointings 
on the detected object for further 
verification. 
</think>

# draw points

import cv2

points = [[51, 247], [329, 211]]

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

<think> 
After cropping, it's clear from the cropped image that the person 
wearing a striped shirt is to the left of the woman seen here 
drinking. The cropped area shows the shoulder and arm of the 
individual in the striped shirt, positioned to the left of the arm of 
the woman who seems to be in the act of drinking. There is no 
indication of any obstruction or misalignment that would suggest 
otherwise. Therefore, the detection is correct.  

</think> 
<answer>Yes.</answer>

Observation

<think> 
Now that I've redone the detection with improved coordinates 

given by the hint, the striped shirt seems to be correctly 

positioned relative to the woman drinking. The woman in 

green appears on the far left among the patrons, while the 

person in a striped shirt is seated next to her.  

Let's call execute_python_code to crop. 

</think>

# crop

from PIL import Image

img = Image.open('input_image.jpg')

bbox_2d = [51, 0, 235, 298]

sub_img = img.crop(bbox_2d)

Observation

What is the highest value of 
(\Delta m^2) (in (eV^2)) that is 
within the 90% confidence level 
(CL) according to the LSND data 
shown in the figure?

A. (10^{-1} eV^2) B. (10^2 eV^2)

C. (10^1 eV^2) D. (10^0 eV^2)

User Query Assistant

<think> 
To solve this problem, we need to analyze the left figure of the provided image, 

which shows the (\Delta m^2) (in (eV^2)) versus (\sin^2 2\theta) (in logarithmic 

scale). The question asks for the highest value of ( \Delta m^2 ) at the 90% 

confidence level (CL) according to the LSND data.

1. Identify the relevant region: The legend on the left figure indicates that the 90% 

CL confidence level is represented by the blue shaded area.

2. Locate the highest region of the 90% CL band: Looking at the blue shaded area, 

we can see that as the (\sin^2 2\theta) value decreases (i.e., moves to the right on 

the plot), the permissible range of (\Delta m^2) increases. The highest point, or the 

upper limit, of this permissible range is the most interesting for answering the 

question.

3. Estimate the value from the plot: We need to estimate the value of (\Delta m^2) 

(on the vertical axis) that corresponds to the extreme right of the blue band. This 

requires a more precise measurement than can be done just by looking at the 

figure.

</think>

# draw bbox to highlight 

from PIL import Image, ImageDraw

bbox_2d = [133, 37, 933, 1073]

img = Image.open('input_image.jpg')

draw = ImageDraw.Draw(img)

draw.rectangle(bbox_2d, outline="red", width=2)

<think> 
The cropped image provides a closer view of the blue shaded 
region labeled "LSND 90% CL." The left figure shows the data 
with logarithmic scales on both axes. The task is to find the highest 
value of (\Delta m^2) that is within this 90% confidence level 
band. 

1….2….

3. Estimate the value from the axis: The top of the blue band is 

clearly above the value of (10^0) (which is 1) on the y-axis. It is 

also below the value of (10^1) (which is 10) on the y-axis. 

Therefore, the highest value is greater than 1 and less than 10 

(eV^2).

Looking at the options, the value (10^1 eV^2) is the most accurate 

description of the highest value within the given range.

</think> 
<answer>\boxed{C. (10^1 eV^2)}</answer>

Observation

<think> 
The red box drawn on the left image highlights the upper 
boundary of the 90% confidence level (CL) region for 
(\Delta m^2) as a function of (\sin^2 2\theta). By 
examining this box, we can estimate the highest value of 
(\Delta m^2) within this region. From the logarithmic 
scale on the y-axis, the upper boundary of the red box 
corresponds to a value of (\Delta m^2) that is just below 
the 10(^1) (10) line, but clearly above the 10(^0) (1) line. 
This corresponds to a value of approximately (10^1 
eV^2). 
Let's call execute_python_code to crop. 

</think>

# crop

from PIL import Image

img = 

Image.open('input_image.

jpg')

bbox_2d = [133, 37, 933, 

1073]

sub_img = 

img.crop(bbox_2d)

Observation

Figure 10. Reasoning trajectories on tools composition.

module; and (4) it benefits from a unified optimization tar-
get, whereas agent systems often require additional policies
or connectors to be separately tuned.

In addition, given realistic compute constraints, most of
our experiments in this work are conducted with 7B-scale
models (e.g., Qwen-2.5-VL-7B), where we already observe
promising effects: consistent gains across general under-

standing and complex reasoning benchmarks, and the emer-
gence of new behaviors (e.g., novel tool use and tool com-
positions of atomic skills to new tasks). These empirical ob-
servations are easier to scale within a single dense model,
while agent pipelines introduce many interacting modules
that complicate both training and deployment. Overall, our
design favors simplicity, efficiency, and scalability, making



it a more practical foundation for future progress.

6. Broader impact
This work contributes toward building more transparent and
verifiable multimodal reasoning systems by adopting exe-
cutable code as the unified medium for tool use. The abil-
ity to generate interpretable traces and intermediate artifacts
can benefit applications where accountability and auditabil-
ity are essential, such as scientific analysis and education.
At the same time, code-generating models pose risks: ma-
licious users could potentially exploit them for unsafe au-
tomation, and generated visual artifacts might be misused to
mislead or manipulate. To mitigate these concerns, we rec-
ommend pairing such systems with appropriate safeguards,
including safety filters, usage constraints, and responsible
deployment practices. By doing so, the benefits of exe-
cutable visual reasoning can be realized while minimizing
the potential for misuse.

7. Limitations and future work
Limitations. While our method demonstrates promising
emergent behaviors and strong performance across diverse
visual reasoning tasks, several limitations remain. First,
the reliance on high-quality synthetic trajectories implies
that certain real-world reasoning patterns may be under-
represented, potentially limiting robustness in open-domain
scenarios. Second, although code provides a general inter-
face, extending to richer modalities (e.g., audio) or domain-
specific tools (e.g., medical applications) will require ad-
ditional engineering. Finally, due to compute constraints,
our evaluations are primarily conducted on 7B-scale mod-
els; the scalability of emergent behaviors at larger scales
remains to be systematically examined. Nevertheless, our
preliminary experiments suggest a promising trend when
scaling up model capacity and compute resources.
Future Work. Our framework demonstrates the potential
of multimodal reasoning models to support natural conver-
sations with seamless and proactive tool use through ex-
ecutable code, thereby enabling more advanced problem-
solving capabilities. Looking ahead, we envision that the
ability to “think with images” will evolve beyond the vision
modality and fixed schemas, fostering novel tool discovery
and the spontaneous composition of tools in a more gener-
alized and efficient manner. Such directions may ultimately
pave the way toward multimodal agents that are both versa-
tile and adaptive across diverse domains.
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