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Case Study

To provide a clearer understanding of our model’s behavior
and the impact of our reward design, we present four case
studies.

Figure 11 illustrates a common failure mode known as
reward hacking, which we observe when training a model
without our proposed constraint penalties. In this exam-
ple, the agent is tasked with a problem that requires a 90-
degree rotation. The agent correctly identifies and applies
the rotate90 tool in its first turn, successfully correcting the
image’s orientation. However, driven solely by the goal of
maximizing the strategy reward, it does not stop. Instead, it
proceeds to call additional, unnecessary orientation tools in
subsequent turns, which corrupts the already-correct image
and ultimately leads to failure. This case underscores the
critical importance of the penalty functions, which act as
guardrails to prevent such inefficient and counterproductive
behavior.

In contrast, Figure 12 showcases the robust, multi-
step reasoning capabilities of our fully-trained CodeVision
model. The task requires the model to read text from a spe-
cific region that is too small to be seen in the initial view.
The model first performs a “crop” operation to zoom in.
Recognizing that its initial crop was incomplete and missed
part of the target area, it dynamically adjusts its strategy.
In the next turn, it executes a second, more precise “crop”
that successfully isolates the entire region of interest. With
the full context now visible, the model is able to accurately
provide the correct answer. This example highlights the
model’s ability to self-correct and perform fine-grained, it-
erative adjustments, a key capability for solving complex
real-world visual tasks.

Besides, Figure 13 presents a nuanced success case that
reveals areas for further refinement. The task requires a se-
quence of orientation correction followed by localizing and
reading a very small line of text. The model adeptly handles
the first step by correcting the image’s orientation. It then
correctly reasons about the text’s location and performs a
crop. Although the cropped region successfully includes the
target text, allowing the model to answer correctly, the crop
itself is suboptimal—a long, narrow strip containing sig-
nificant irrelevant context. This example demonstrates that
while the model’s high-level reasoning is effective, its abil-
ity to generate precise, tight bounding boxes could be im-
proved, suggesting it may sometimes adopt an overly cau-
tious safe cropping strategy.

To further probe the model’s limitations, we present a

clear failure case in Figure 14. The task requires correcting
the image orientation and then cropping a small, specific re-
gion to examine details. The model successfully completes
the first two stages: it correctly adjusts the orientation and
accurately reasons about the approximate location of the re-
gion of interest. However, it fails at the final, crucial step
of precise localization. The coordinates it generates for the
crop are slightly off, causing the cropped area to be adjacent
to the target region but missing it entirely. This case clearly
demonstrates that while the model excels at high-level rea-
soning and coarse localization, its fine-grained coordinate
prediction remains a challenge and a key area for future im-
provement.

MultiTool Benchmark Construction

To rigorously evaluate a model’s ability to compose multi-
ple tools in sequence, we construct the MVToolBench. The
construction process is designed to create challenging sce-
narios that necessitate the combined use of multiple tools.
The pipeline consists of three main stages: data filtering,
question generation, and multi-tool augmentation.

Data Source and Filtering. We build our benchmark
upon the HierText dataset, which provides rich annotations
including bounding box coordinates and corresponding text
for words, lines, and paragraphs. To ensure that our bench-
mark effectively tests the model’s ability to perceive fine-
grained details, we first perform a filtering step based on the
relative size of the text annotations. For each image, we cal-
culate the area of every annotated word, line, and paragraph
as a percentage of the total image area. We then retain only
the annotations that are exceptionally small. For instance,
for word-level questions, only words occupying less than
0.01% of the total image area are selected as candidates.
This filtering serves two critical purposes: 1) it guarantees a
high level of difficulty, as the target text is not easily visible
in the original view, and 2) it enforces a strong dependency
on the “crop” tool, as zooming in becomes a prerequisite for
successful recognition and reasoning.

Question and Answer Generation. Using the filtered,
small-sized text annotations, we programmatically gener-
ate a variety of reasoning questions. These questions cover
tasks such as text recognition (e.g., “What does the line
begining with “Busy” say?”), counting (e.g., “How many
times does the letter “a” appear in the paragraph endding



Figure 11. An example of reward hacking from a model trained without constraint penalties. After correctly applying rotate90, the agent
continues to call superfluous tools, leading to task failure.

with “Television”?), and question answering that requires
information retrieval from specific paragraphs. A crucial
design principle during this stage is the deliberate avoidance
of any explicit positional cues. We do not use phrases like
“the word on the left” or provide bounding box coordinates
in the prompts. This forces the model to rely entirely on its
own grounding capabilities to first locate the relevant region
and then perform an accurate crop, significantly increasing

the challenge of the benchmark.

Multi-Tool Augmentation. After the question-answer
pairs are finalized, we perform a final augmentation step
on the images to create a multi-tool requirement. Each im-
age is randomly subjected to one of several transformations:
rotation (90, 180, or 270 degrees), horizontal flip, or verti-
cal flip. This step ensures that solving a problem requires



Figure 12. A successful multi-step reasoning case. The model first performs an initial crop, then recognizes its incompleteness and refines
the cropped region in a second step to include all necessary information before providing the final answer.

not only a “crop” operation but also an initial orientation-
correction tool. By setting the proportion of each transfor-
mation to be equal, we maintain a balanced and unbiased
dataset. This three-stage process results in a comprehensive
benchmark that effectively evaluates the model’s capacity
for complex, multi-step tool composition.

Limitation and Future Work

In this work, we have focused on a core set of
tools—primarily orientation correction and cropping—to
establish the CodeVision framework and demonstrate its
effectiveness in addressing model brittleness. While this
targeted approach has proven successful, creating a truly
general-purpose visual agent requires scaling and expansion
in several key dimensions. Our work reveals several limita-
tions that open up exciting avenues for future research:

Expanding Tool Diversity and Compositionality. Our
current research deliberately concentrates on a limited
toolset. To enhance the model’s generalization capabilities,
future work should incorporate a much wider variety of tool
types and data. This includes training on tasks that require
more complex tool compositions and even multi-image tool
use (e.g., comparing, merging, or analyzing multiple images
simultaneously). Furthermore, the “code-as-tool” paradigm
can be extended beyond standard Python libraries to include
custom tools, such as proprietary search engines or gener-
ative models. By exposing only a simple API endpoint to
the model, we can empower it to leverage powerful, black-
box functionalities, further broadening its problem-solving
horizons.

Refining Process Supervision with Beneficial Tools.

Our current training methodology relies on a “must-use”
tool list to provide strong process supervision. While ef-



Figure 13. A successful but inefficient localization case. The model corrects the orientation and successfully crops a region containing
the target text. However, the crop is a long, narrow strip that includes much irrelevant information, pointing to potential improvements in
generating more precise bounding boxes.

fective, this can be expanded to a more flexible framework.
Future iterations could incorporate a broader set of “benefi-
cial” tools. These are tools that are not strictly necessary to
solve a task but are highly likely to improve performance,
such as contrast enhancement for low-light images or a pre-
liminary crop for focusing attention. By rewarding the use
of such advantageous tools, we can encourage the model to
learn more nuanced strategies and generalize better to tasks
where the optimal toolset is not rigidly defined.

Scaling Data, Tasks, and Model Exploration. Our ex-
periments indicate that the model’s learning has not yet
reached saturation. The entropy of its policy suggests
that there is still significant room for exploration and im-
provement. Moreover, as shown in Figure 15, we observe
that performance on our benchmarks continue to increase
steadily throughout training with no signs of plateauing.
This strongly suggests that our approach would benefit from
scaling up. By sourcing more diverse data, incorporating a
wider array of tool types, and designing more varied tasks,
we believe there is a clear path toward developing even
more capable and robust visual agents.



Figure 14. A failure case highlighting the model’s limitations in precise localization. The model correctly adjusts the orientation and
identifies the general area of interest, but provides slightly inaccurate coordinates for the crop, resulting in a cropped region that just misses
the target.

(a) OCRBench-Rot90 (b) ChartQAPro-Hori (c) MVToolBench

Figure 15. Accuracy on OCRBench, ChartQAPro, and MVToolBench during RL training. The steady improvement across all benchmarks
indicates that the model’s learning has not yet saturated and could benefit from further scaling of data and tasks.


