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Abstract

Tool use learned during supervised fine-tuning (SFT) is not always retained during reinforcement
learning (RL). We study how properties of SFT data may affect this retention by constructing Low,
Medium, and High SFT datasets with approximately matched token budgets but different tool-call
depths. Under the same RL recipe, the three initializations reach similar RL training accuracy
yet exhibit markedly different tool-use dynamics: tool initiation increases in Low, declines in
Medium, and collapses in High. We observe that these datasets also differ substantially in the
amount of reasoning preceding each tool call. In particular, High trajectories contain considerably
less pre-call reasoning, motivating the hypothesis that pre-call reasoning may affect how well tool
use is calibrated and, consequently, whether the corresponding behaviors are retained during RL.
An idealized theoretical analysis provides a selective-retention view of this process: advantages
in overall and tool-conditioned accuracy can be preserved under outcome-only optimization,
while tool initiation increases only when tool-using trajectories are more successful than the
tool-free alternative. Guided by this analysis, we rank the original High trajectories by average
pre-call reasoning length and retain the highest-ranked examples while approximately matching
cumulative SFT token exposure. This simple filtering strategy improves post-RL accuracy
and tool-conditioned final-answer success without consistently increasing tool initiation across
multiple benchmarks. These results suggest that pre-call reasoning is a useful dimension of SFT
supervision for understanding and improving tool-use retention under downstream RL.

1 Introduction

Recent advances in Multimodal Large Language Models (MLLMs) have demonstrated outstanding
capabilities in areas such as math and coding (Li et al., 2024; Deitke et al., 2025; Bai et al., 2025;
Chen et al., 2024). A growing line of work further augments text-based reasoning with external tools,
allowing models to zoom into image regions, execute code, retrieve information, and incorporate
the resulting observations into subsequent reasoning (Zheng et al., 2026; Jin et al., 2025). Such
Tool-Integrated Reasoning (TIR) typically requires a model to decide not only how to use a tool, but
also when it is useful and how its output should affect the remaining solution process (Yao et al., 2022;
Schick et al., 2023). Recent systems commonly learn these behaviors through a two-stage pipeline:
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Figure 1: RL training dynamics of the Low, Medium, and High SFT initializations. (a) RL training accuracy.
(b) Fraction of rollouts that use at least one tool call within each batch. (c) Mean number of tool calls among
tool-using rollouts. Labels indicate the tool-call depth of the SFT data. Despite similar training accuracy, the
three initializations exhibit markedly different tool-use behavior. Under the same RL recipe, Low maintains
frequent tool use, whereas High sharply reduces tool initiation while retaining deeper interactions among the
remaining tool-use trajectories.

supervised fine-tuning (SFT) establishes tool-use capabilities and interaction formats, followed by
reinforcement learning (RL) (Hong et al., 2026; Song et al., 2026). While substantial effort has
focused on RL algorithms (Qian et al., 2025; Hou et al., 2026; Zheng et al., 2026), considerably less
is understood about how SFT data shapes the RL training dynamics of tool-use behavior.
We investigate this question by varying the tool-call depth of SFT trajectories, defined as the number
of calls in a tool-using trajectory. Starting from the same base model with Zoom and Code tools,
we construct Low, Medium, and High SFT datasets with a matched number of trajectories and total
token budgets, and then apply an identical RL training recipe. Our early experiments reveal this is a
non-trivial question (Figure 1): despite similar RL training accuracy, their tool-use behaviors diverge
sharply. We find that the tool initiation rate gradually increases in Low, moderately decreases in
Medium, and experiences a severe collapse in High. Among trajectories that still use tools, the depth
ordering remains High > Medium > Low. Thus, demonstrating more tool calls during SFT does not
imply that those behaviors will be retained more frequently under outcome-only RL.
To understand this phenomenon, we examine the textual reasoning that precedes each tool call,
which we term pre-call reasoning. High trajectories contain substantially fewer average pre-call
reasoning tokens than Low. During RL, we further observe that the tool-using trajectories that
remain in Medium and High tend to contain more pre-call reasoning after RL training than at
initialization. These observations motivate the hypothesis that pre-call reasoning is a key signal for
tool-use calibration. Here, tool-use calibration refers to whether the model invokes tools when they
are actually useful, rather than simply learning to call them frequently.
Our theoretical analysis formalizes this intuition through a selective-retention view of RL. In an
idealized probability-space analysis, advantages in overall accuracy and tool-conditioned accuracy
present in the SFT initialization are preserved under the same outcome-only optimization. Tool
initiation follows different dynamics: it increases only when tool-using trajectories are more successful
than the tool-free alternative, and decreases otherwise. This provides a theoretical view of selective
retention: RL need not preserve frequent tool use, but instead favors tool behaviors that are better
aligned with task success. Thus, tool-call frequency or depth alone is insufficient to characterize
useful tool use.
Guided by this analysis, we rank the original High trajectories by their average pre-call reasoning
length and retain the highest-ranked ones. We construct two subsets containing approximately 50%

2



and 25% of the original assistant-supervised token mass per epoch. Under a controlled number
of cumulative supervision tokens and the same downstream RL training recipe, the 25% variant
outperforms the original High on all five benchmarks, while the 50% variant improves on four out
of five. Moreover, the filtered initializations achieve substantially higher final-answer success among
their self-selected tool-using trajectories on several benchmarks, without a consistent increase in
tool initiation, suggesting that effective SFT should prioritize supervision supporting useful tool
decisions rather than tool-call frequency.
Our contributions are threefold:

• We show that the tool-call depth of SFT data leads to sharply different tool-use dynamics under
the same outcome-only RL recipe: more frequent tool use during SFT does not necessarily
translate into more persistent or better-calibrated tool use after RL.

• We identify pre-call reasoning as a key factor shaping tool-use calibration and develop a
selective-retention analysis showing how differences in overall and tool-conditioned success are
preserved under outcome-only optimization, while tool initiation depends on whether tool use
is more successful than the tool-free alternative.

• We show that filtering the original High SFT data by average pre-call reasoning length, under
approximately matched cumulative supervision budgets, improves downstream accuracy and
tool-enabled performance without consistently increasing tool initiation, outperforming a
matched random-selection control.

2 Related Work

Tool-Integrated Multimodal Reasoning. TIR couples language-based deliberation with exter-
nal actions, allowing models to gather evidence, perform computation, and update their plans during
inference. ReAct establishes the general interleaving of reasoning and acting, while Toolformer
studies self-supervised learning for API selection, invocation, and result use (Yao et al., 2022; Schick
et al., 2023). Recent multimodal systems extend this paradigm to visual search and executable
computation: DeepEyes and VTool-R1 use RL to improve visual tool use (Zheng et al., 2026; Wu
et al., 2026); DeepEyesV2 and Thyme combine visual operations with code-based computation
in multimodal post-training pipelines (Hong et al., 2026; Zhang et al., 2025b); and CodeDance
combines task-aware cold-start SFT with difficulty-adaptive RL for executable visual reasoning (Song
et al., 2026). ICRL instead places demonstrations in RL prompts and gradually removes them
during training (Ye et al., 2026). These studies primarily focus on enabling multimodal tool use or
improving its final performance. We study a complementary question: how the structure of SFT
tool-use trajectories determines which tool behaviors remain viable under outcome-only RL training.

SFT Initialization for Reinforcement Learning. Prior work shows that SFT initialization
can strongly affect subsequent RL. DeepSeek-R1 and Chu et al. (Guo et al., 2025; Chu et al., 2025)
compare the roles of SFT and RL, while PEAR shows that a stronger SFT checkpoint can perform
worse after identical RL (Zhang et al., 2026a). This observation closely motivates our study: SFT
quality should be evaluated by the behaviors it prepares for RL, rather than by SFT performance
alone. Tool-integrated studies explore cold-start data, diverse reasoning primitives, and process
supervision (Yao et al., 2026; Feng et al., 2026a; Mao et al., 2026; He et al., 2026). ASTER reports
that deep tool trajectories can provide beneficial initializations (Zhang et al., 2026b), which appears
different from our observation of tool-initiation collapse for high-depth SFT. However, ASTER
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emphasizes interaction density and tool-use budgets, whereas we approximately match the total SFT
token budget and study how it is allocated before individual calls. Our results therefore complement
this line of work by showing that the value of deep trajectories depends not only on interaction
depth, but also on per-call reasoning supervision.

Tool Utility and Reinforcement Learning. Tool frequency alone does not determine tool
utility. MED separates intrinsic improvement, tool-induced correction, and tool-induced harm (Ma
et al., 2026), while other work studies capability expansion, evidence dependence, and the relationship
between invocation frequency and reasoning quality (Guo et al., 2026; Wang et al., 2026; Kim et al.,
2026). In particular, the finding that frequent tool invocation need not improve reasoning is closely
aligned with our selective-retention view (Kim et al., 2026). Other approaches improve tool learning
by modifying rewards, credit assignment, or rollout allocation (Qian et al., 2025; Hou et al., 2026; Li
et al., 2026; Xie et al., 2026; Feng et al., 2026b; Dong et al., 2026). We instead keep outcome-only
RL fixed and study how SFT data determines the reliability of the tool decisions retained by RL,
separating tool frequency from the success of self-selected tool-using trajectories.

3 How SFT Shapes Tool Use

Notations. Let M denote an MLLM and x an input prompt. Given x, the model interacts with
the available tools and produces a trajectory τ ∼ M(· | x). If τ contains T tool calls, we write
τ = (s1, . . . , sT , r), where each tool-interaction step st consists of the reasoning preceding a tool call,
the tool call itself, and the corresponding tool output: st = (reasoningt, tool-callt, tool-outputt); r
is the reasoning after the last tool call that reaches the final answer. We define the tool-call depth
of τ as d(τ) = T . We define reasoningt as pre-call reasoning of st. A tool-free trajectory therefore
has d(τ) = 0. An SFT dataset is denoted by D = (xi, τi)N

i=1, where each prompt (or question) xi is
paired with its corresponding trajectory τi. Throughout the paper, we use the terms question and
prompt interchangeably, as well as trajectory and rollout, depending on the context.
We study how the tool-use patterns demonstrated during SFT affect subsequent behavior under a
fixed outcome-only RL training. We vary the tool-call depth of SFT while holding the downstream
training recipe fixed, and analyze both the resulting tool-use dynamics and the reasoning preceding
individual tool decisions.

3.1 Experimental Setup

Model and Tools. We use Qwen2.5-VL-7B-Instruct (Bai et al., 2025) as the base MLLM with two
tools: Zoom, which crops and enlarges an image region, and Code, which executes model-generated
Python. Models may invoke either tool multiple times.
SFT Data Construction. We construct a shared source pool of tool-using Zoom and Code
trajectories by standardizing prompts and tool formats and removing malformed or duplicate
trajectories. Zoom trajectories are drawn from CoF (Zhang et al., 2025a), Mini-o3 (Lai et al., 2026),
and PixelReasoner (Su et al., 2025), while Code trajectories are drawn from DeepEyesV2 (Hong
et al., 2026) and Thyme (Zhang et al., 2025b). From this pool, we construct three SFT datasets
of 2,000 trajectories each, grouped by tool-call depth: Low (d(τ) = 1), Medium (2 ≤ d(τ) ≤ 3), and
High (d(τ) ≥ 4). Each dataset contains 750 Zoom trajectories, 750 Code trajectories, and the same
500 tool-free trajectories, with approximately matched trajectory lengths.
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RL Data Construction. All SFT initializations are trained with the same fixed set of 16,384
questions with RL drawn from DeepEyes-47K (Zheng et al., 2026), MMK12 (Meng et al., 2025),
ChartQA (Masry et al., 2022), and Geometry3K (Lu et al., 2021). We remove explicit tool-use hints
and evaluation overlap, and use the same questions and ordering across all RL runs.
Evaluation. We evaluate all checkpoints on a fixed 6,431-question suite consisting of V*Bench (Wu
and Xie, 2024) (191), ChartQA (Masry et al., 2022) (2,500), MathVista testmini (Lu et al., 2024)
(1,000), WeMath (Qiao et al., 2025) (1,740), and CharXiv (Wang et al., 2024) (1,000). We consider
two evaluation settings: tool-on evaluation provides both Zoom and Code with up to eight calls
and an 8,192-token response budget, while tool-off evaluation removes access to the tools while
retaining the same evaluation protocol. The prompts are specified in Appendix B.
Training Configuration. Each SFT model is trained for one epoch (50 optimizer updates) with
assistant-only supervision. Starting from each SFT checkpoint, we run 32 updates of outcome-only
GRPO (Shao et al., 2024), sampling five rollouts for each of 512 questions per update. RL rewards
only final-answer correctness and uses the same eight-call and 8,192-token interaction budget as
evaluation. All optimization settings, RL data, sampling, and decoding configurations are shared
across Low, Medium, and High. More details are provided in Appendix C

3.2 Divergent Tool-Use Dynamics under identical RL training

Figure 1 compares the RL training dynamics of policy initialized from SFT on the Low, Medium,
and High dataset under the same RL recipe. Despite different initializations regarding the tool-call
depth, all three runs finish at approximately the same training accuracy. Their tool calling behaviors,
however, diverge substantially. We have three specific observations.

1. Tool initiation diverges across SFT initializations. In Figure 1b, Low increases its tool
initiation rate to approximately 75% by the end of training. In contrast, Medium exhibits an overall
decline to approximately 20%, while High drops rapidly in the early steps and remains below 10%
near the end. Thus, greater tool-call depth in the SFT trajectories does not necessarily translate
into more persistent tool initiation under the same RL recipe.

2. The ordering of conditional tool-call depth persists. Figure 1c describes the mean
number of tool-calls among tool-using rollouts, excluding tool-free rollouts. Low consistently remains
close to 1.1 tool calls, while Medium gradually decreases its tool calls from approximately 2.4 to
1.6. After a slight decline from roughly four calls, High continues to fluctuate in this panel between
2.3 and 3.5. Thus, in contrast to the tool initiation rate, the results show that the ordering of
conditional tool-call depth persists during the RL training.

3. Similar accuracy can mask differences in tool-use calibration. Table 1 shows that
RL brings the three initializations to similar final tool-on accuracy, despite their sharply different
tool-use behaviors. Low continues to invoke tools frequently, whereas Medium and especially High
increasingly avoid them. These results show that final task accuracy alone does not reveal how
tool use is being retained. Comparing tool-on and tool-off performance shows that after RL,
tool-on is approximately on par with tool-off for Low, but remains worse for Medium and High,
which indicates that the tool use in Medium and High is not well-calibrated. Taken together, the
results suggest that outcome-only RL does not simply preserve the tool-use patterns learned during
SFT: tool behaviors that are poorly calibrated to task success are less likely to be retained. This
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Table 1: Evaluation results for the SFT and RL checkpoints of Low, Medium, and High. Accuracy is pooled over
five evaluation benchmarks. Gain denotes the difference between tool-on and tool-off accuracy. The three
initializations exhibit similar final tool-on accuracy but critically different tool-use behavior (Figure 1b).

Checkpoint Tool-on Acc Tool-off Acc Gain Tool initiation rate Conditional tool-call depth

Low SFT 59.34 59.65 -0.31 67.72 1.21
Low RL 67.67 67.66 +0.02 75.04 1.32

Medium SFT 47.43 62.14 -14.71 58.50 3.98
Medium RL 67.66 70.56 -2.90 20.82 3.03

High SFT 43.45 63.52 -20.07 50.60 5.59
High RL 66.24 68.90 -2.66 5.38 6.32

motivates our central question: what property of the SFT trajectories determines the calibration of
tool use, and consequently whether that behavior survives downstream RL?

3.3 A Hypothesis: Pre-call Reasoning Matters

To investigate the divergent tool-use dynamics in Section 3.2, we examine how much reasoning the
model performs before each tool call, which we refer to as pre-call reasoning (see its definition in
Notations from Section 3).
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Figure 2: Pre-call reasoning in SFT and during RL. (a) Mean number of reasoning tokens preceding each
tool call in the Low, Medium, and High SFT datasets. (b) Mean pre-call reasoning tokens for the first three tool
calls at the beginning and end of RL training. High receives substantially less pre-call supervision per call in
SFT, while the tool-using trajectories retained by Medium and High exhibit longer pre-call reasoning after RL.

Figure 2a shows the average number of pre-call tokens, which decreases from 623 tokens in Low to
302 in Medium and 161 in High. The contrast is particularly pronounced for Code, with means
of 991, 423, and 134 tokens, respectively. Thus, Low, Medium, and High differ not only in tool-call
depth but also in the amount of pre-call reasoning. Intuitively, this may cause the calls in High to
be insufficiently planned and the information from each tool call to be improperly integrated.
To test whether this hypothesis is consistent with the RL dynamics, we examine whether the
tool-using rollouts retained after RL exhibit longer pre-call reasoning. Figure 2b compares the start
(SFT-trained policy or step=0 of RL training policy) and end (step=32 of RL training policy) of
the RL training for all three runs. For both Medium and High, we observe a consistent increase in
the mean pre-call reasoning tokens in the first three calls, which implies that such behaviors tend
to produce correct final answers and thus be promoted during the RL training. Specifically, we
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highlight that this phenomenon is more obvious in the first call, where Medium increases from 306
to 391 and High increases from 266 to 385. This is natural because the model needs to understand
the task, perform basic reasoning and plan the tool calling strategies that lay the foundation for the
complete solution. We also note that the difference in Low is very little, mainly because the model
already allocates sufficient pre-call tokens that produce robust reasoning ability. Taken together,
these observations motivate the following hypothesis:

Hypothesis

Pre-call reasoning is a key factor shaping the tool-use calibration, which in turn affects
whether the corresponding tool-use behaviors are retained under RL training.

Here, tool-use calibration refers to whether the model invokes tools when they are actually
useful, rather than simply learning to call them frequently. Even if a model learns the mechanics of
multi-step tool use and sustains high tool-use rates during inference, insufficient pre-call reasoning
may lead to poorly calibrated decisions, causing the model to invoke tools unnecessarily.

3.4 A Theoretical Understanding of Selective Tool Retention

Section 3.3 motivates the hypothesis that pre-call reasoning affects the calibration of tool-using
trajectories. We examine how different SFT data (Low, Medium, High) evolve under outcome-only
optimization, distinguishing successful tool use from frequent tool invocation.

Modeling Tool Use from SFT to RL. Fix a question x, and let τ denote a complete trajectory
containing the model’s reasoning, tool calls, tool observations, and final answer. Let pi(τ, t) denote
the trajectory distribution at RL training time t induced by SFT initialization i, where different
values of i correspond to policies trained on different SFT datasets. For the theoretical analysis,
we treat t as continuous optimization time; in the discrete setting, t indexes RL optimization
steps. Let R(τ) ∈ {0, 1} denote the outcome reward associated with trajectory τ . Assume positive
initial probability on a common finite trajectory set Ω. To isolate probability reallocation under
outcome-only optimization, we consider the idealized dynamics

∂pi(τ, t)
∂t

=
(︁
R(τ) − Ai(t)

)︁
pi(τ, t), Ai(t) = Epi(t)[R(τ)]. (1)

Ai(t) denotes the probability that a rollout ends with a correct answer at time t. We partition Ω
into the nonempty sets T and D, containing trajectories with and without at least one supported
tool execution attempt, respectively. Let Ii(t) denote the probability of calling at least one tool in a
rollout at time t, and let Ci(t) and Di(t) denote conditional accuracy within T and D. Then

Ai(t) = Ii(t)Ci(t) +
(︁
1 − Ii(t)

)︁
Di(t). (2)

Theorem 1 (SFT initialization and selective tool retention). Under Eq. 1, the overall and tool-
conditioned accuracy satisfy

Ȧi(t) = Ai(t)
(︁
1 − Ai(t)

)︁
, Ċi(t) = Ci(t)

(︁
1 − Ci(t)

)︁
, (3)

whereas tool initiation satisfies

İi(t) = Ii(t)
(︁
1 − Ii(t)

)︁(︁
Ci(t) − Di(t)

)︁
. (4)
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Moreover, if two SFT initializations satisfy A1(0) ≥ A2(0) and C1(0) ≥ C2(0), then

A1(t) ≥ A2(t), C1(t) ≥ C2(t) for all t ≥ 0. (5)

These accuracy orderings do not imply I1(t) ≥ I2(t).

Theorem 1 distinguishes two effects of SFT initialization: advantages in overall and tool-conditioned
accuracy can persist under the same idealized optimization, whereas tool initiation depends on the
relative accuracy of the tool-using and tool-free branches. Consequently, tool-conditioned accuracy
can improve while initiation decreases whenever Ci(t) < Di(t). Demonstrating frequent or deep
tool interactions alone, therefore, does not ensure their retention. This motivates selecting SFT
trajectories that support reliable pre-call reasoning, rather than preserving tool calls for their own
sake. The derivation and proof are provided in Appendix A.

4 From Diagnosis to SFT Data Design

In Section 3, we identified pre-call reasoning as a potential factor shaping tool-use calibration. We
now ask whether this insight can guide SFT data selection. Specifically, we use average pre-call
reasoning length as a proxy and filter the original High trajectories to test whether this simple
intervention improves downstream RL performance.

4.1 Experimental Setup

Data Construction with Pre-call-length-guided Filtering. We investigate whether filtering
trajectories by pre-call reasoning length improves downstream RL performance. Starting from the
High SFT dataset {τi}N

i=1, we score each trajectory by its average number of pre-call reasoning
tokens per tool call, si = 1

ki

∑︁ki
j=1 li,j , where ki is the number of tool calls in τi and li,j is the number

of reasoning tokens preceding the j-th call. We rank trajectories by si and select the top K25
and K50 trajectories such that their total token counts are 25% and 50% of the original dataset,
respectively; for example, the total number of tokens in {τi}K25

i=1 is approximately 25% of that in
{τi}N

i=1. We denote these subsets as Length-Filtered 25% (LF25) and Length-Filtered 50% (LF50).

Training setup. We train LF50 for two epochs and LF25 for four epochs, so that their cumulative
assistant-supervised token exposure approximately matches Original High. Both models start from
the same base checkpoint and retain the original SFT objective and token-masking scheme. The
subsequent RL training and evaluations are also identical to those in Section 3.

4.2 Experimental Results

Length filtering improves final task performance. Table 2 compares the final RL performance
of the High and length-filtered SFT initializations. For completeness, we also include a matched
Random (25%) control, which we analyze separately in Section 4.3. The LF25 achieves the best
performance on all five benchmarks, while the LF50 outperforms High on four out of five benchmarks.
Thus, concentrating the training budget in SFT on a small subset of the original data pool with
longer pre-call reasoning yields better results. This result also resonates with the theoretical findings
in Section 3.4, where we indicate that a stronger initialization can preserve this advantage in
task-level success under the same outcome-only optimization.
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Table 2: Final tool-on accuracy (%) after RL. Length-Filtered 25% (LF25) and 50% (LF50) are subsets
of High containing the highest-ranked trajectories by pre-call reasoning length, with total token budgets of
approximately 25% and 50% of the original High dataset, respectively. Random (25%) is a matched random-
selection control analyzed in Section 4.3. Overall denotes the pooled accuracy across the five benchmarks.
Shading indicates the best results.

Method V*Bench ChartQA MathVista WeMath CharXiv Overall

High 84.29 85.48 65.10 57.30 31.40 66.24
Length-Filtered (50%) 84.82 85.36 67.70 58.79 37.20 67.92
Length-Filtered (25%) 86.91 87.72 68.90 60.57 38.40 69.75

Random (25%) 81.68 82.20 66.90 60.34 35.80 66.67

ChartQA
Question: For 2024, what percentage does 4G/5G
make up? Put ONLY the final answer in \\boxed{}.

Ground truth: 92.02%

Global Mobile Network Infrastructure Revenue
(Billion U.S. Dollars)

0

200

400

600

800

50 80

400

100

2020

40 70

450

150

2021

35 60

500

180

2022

30 50

520

200

2023

25 40
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2024

2G 3G 4G 5G

Original
High

Length-
Filtered
(50%)

Pre-call reasoning (excerpt)

4G revenue in 2024 is 540 billion
U.S. dollars. 5G revenue in 2024
is 210 billion U.S. dollars. The
total revenue for all generations
in 2024 is 540 billion U.S. dollars.
I will calculate the percentage of
4G/5G in 2024.

Code (code_interpreter)

total_4G_5G_2024 = 750
total_revenue_2024 = 540
percentage = (total_4G_5G_2024 /

total_revenue_2024) * 100
print(percentage)

Tool return

138.88888888888889

Final answer

✕
138.89%

Pre-call reasoning (excerpt)

The total revenue for 2024 is the
sum of the revenues for 2G, 3G,
4G, and 5G. From the chart, 2G is
25 billion U.S. dollars, 3G is 40
billion, 4G is 540 billion, and 5G
is 210 billion. Total revenue =
25 + 40 + 540 + 210 = 815.
I will compute the percentage.

Code (code_interpreter)

revenue_4G_2024 = 540
revenue_5G_2024 = 210
total_revenue_2024 = 25 + 40 + 540 + 210
percentage_4G_5G_2024 = (revenue_4G_2024 +

revenue_5G_2024) / total_revenue_2024 * 100
print(percentage_4G_5G_2024)

Tool return

92.02453987730061

Final answer

✓
92.02%

Figure 3: A qualitative ChartQA example illustrating how reasoning before a Code call can determine
the computational target. In the original High trace, the model incorrectly treats the 4G revenue (540)
as the total 2024 revenue, leading the subsequent code to use the wrong denominator. In contrast, the
Length-Filtered model correctly sums the revenues of all four generations to obtain 815, yielding the
correct percentage of 92.02%.

Higher conditional success among tool-using trajectories. Figure 4a reports the final-
answer accuracy conditional on trajectories that used tools, indicating that the trajectories on
which the filtered policies choose to invoke tools are more likely to end in a correct answer. This
improvement is distinct from simply increasing tool usage: it reflects higher success among the
model’s self-selected tool-involved decisions. Figure 3 provides a qualitative illustration of this
distinction: the two traces invoke the same Code tool, but differ in whether the pre-call reasoning
identifies the computation that is actually needed to answer the question. This pattern mirrors the
ordering of tool-conditioned accuracy in our analysis: a stronger initialization can maintain a higher
ratio of successful tool-use trajectories under the same RL training.
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Figure 4: Tool-use behavior after RL. Length-filtered SFT yields higher final-answer success among self-
selected tool-using trajectories, while tool initiation does not increase uniformly across benchmarks. Together,
the two views show that the downstream benefit is better reflected by the effectiveness of retained tool-
mediated decisions than by how frequently tools are invoked.

Successful completion and tool frequency are distinct. Figure 4b compares tool initiation
rates across the three settings. Length filtering does not induce a uniform change in how often tools
are invoked. On ChartQA, initiation decreases from 2.2% for Original High to 2.0% and 0.6% for
Length-Filtered (50%) and Length-Filtered (25%), respectively. In contrast, initiation increases on
MathVista and WeMath. Thus, the downstream gains from length filtering cannot be attributed
simply to encouraging more tool calls. This behavior follows the tool-initiation dynamics in Eq. 4:
tool use is reinforced only when tool-using trajectories outperform the tool-free alternative.
Taken together, these results show that the benefit of length-filtered SFT is not a uniform increase
in tool use. Instead, it improves overall task accuracy and the success rate of self-selected tool-using
trajectories, while tool initiation varies across benchmarks. This distinction is central to our findings:
what matters after RL is not how many tool calls are retained, but whether the retained tool-use
decisions are effective for reaching the correct answer.

4.3 Ablations and Analysis

Q1: Would random selection yield the same gains? To separate length-guided selection
from simply training on a smaller, repeated subset, we compare Length-Filtered (25%) with Random
(25%). The two variants use the same retained token budget, number of epochs, batch size, optimizer
updates, and downstream RL procedure, differing only in how the SFT trajectories are selected.
Table 2 shows that Length-Filtered achieves higher accuracy on all five benchmarks. Random
selection improves over Original High on MathVista, WeMath, and CharXiv, but reduces accuracy
on V*Bench and ChartQA. Thus, random sampling a subset does not reproduce the results of
the selection guided by length filtering. This suggests that the improvement cannot be explained
by reduced data diversity or repeated exposure alone, and supports average pre-call length as an
informative selection signal.

Q2: Does tool availability improve performance after length filtering? In Table 1, we
observe that the tool-availability gain, which is measured by tool-on accuracy minus tool-off
accuracy, is negative on almost all checkpoints. We therefore ask whether applying the pre-call-length
guided filtering can make the remaining tool use beneficial.
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Table 3: Tool-availability gain, measured as tool-on minus tool-off accuracy in percentage points. Positive
values indicate higher accuracy with tools available.

Initialization V*Bench ChartQA MathVista WeMath CharXiv Overall

Original High -1.57 -2.08 -1.80 -3.68 -3.40 -2.66
Length-Filtered (25%) +5.23 +1.00 +1.30 +1.37 +0.40 +1.18

As shown in Table 3, Length-Filtered (25%) achieves positive tool-availability gains on all five
benchmarks. The pooled gain changes from approximately −2.66 points for the original High to
+1.18 points for Length-Filtered (25%). Notably, the filtered model’s pooled tool-off accuracy
remains close to that of the original High. Thus, the benefit of the available tools emerges when the
pre-call-length-guided filtering is applied to the SFT data.
Together, these analyses strengthen the evidence that pre-call-length-guided SFT filtering benefits
tool-enabled performance. The gains are not reproduced by a matched random subset, nor are they
accompanied by a comparable improvement in tool-off performance. Instead, the selected SFT
data appears to produce better calibrated tool use, making useful tool behaviors more likely to be
retained under outcome-only RL.

5 Conclusion

We study how SFT shapes the tool-use behaviors retained under outcome-only RL. With approxi-
mately matched SFT budgets but different tool-call depths, we observe similar RL training accuracy
yet sharply different tool-use dynamics, motivating pre-call reasoning as a key factor in tool-use
calibration. Our selective-retention analysis shows that advantages in overall and tool-conditioned
accuracy can persist under the same optimization, while tool initiation depends on whether tool use
is more successful than the tool-free alternative. Guided by this view, pre-call-reasoning-length-
guided filtering improves post-RL accuracy and tool-enabled performance across five benchmarks,
outperforming a matched random-selection control without consistently increasing tool initiation.
Overall, effective TIR training should prioritize supervision that supports well-calibrated tool use
rather than tool-call frequency alone.
A natural future direction is to move beyond fixed proxies such as pre-call reasoning length and
develop more adaptive criteria for selecting or generating SFT data that better prepares tool use
for downstream RL. More broadly, it would be interesting to automate this process by jointly
selecting, rewriting, or generating SFT trajectories based on downstream RL behavior, rather than
relying on a manually chosen filtering rule. Finally, evaluating these principles across different tool
types, model scales, and RL objectives would help determine how broadly the observed relationship
between SFT data, tool-use calibration, and retention generalizes.
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A Omitted Proof

We condition throughout on a fixed question x and use the notation of Section 3.4. The finite
trajectory set Ω and terminal reward R : Ω → {0, 1} are fixed. Both initializations assign positive
probability to every trajectory in Ω, and both T and D are nonempty.

A.1 Derivation of Eq. 1

We derive Eq. 1 from an idealized KL-proximal update over trajectory distributions. This update is
used only to isolate reward-driven probability reallocation; it is not an exact reformulation of the
GRPO objective or its reference-policy KL regularization.
For clarity, we omit the initialization index i. Let p(τ, t) denote the probability assigned to trajectory
τ at optimization time t, and let R(τ) ∈ {0, 1} denote its fixed terminal correctness reward.
For an infinitesimal update interval h > 0, let q(τ) denote the candidate trajectory distribution for
the next update and consider

q⋆ = arg max
q∈∆(Ω)

⎧⎨⎩∑︂
τ∈Ω

q(τ)R(τ) − 1
h

DKL
(︁
q∥p(·, t)

)︁⎫⎬⎭ , (6)

where ∆(Ω) is the probability simplex. We then set

p(τ, t + h) = q⋆(τ).

Using
DKL

(︁
q∥p(·, t)

)︁
=
∑︂
τ∈Ω

q(τ) log q(τ)
p(τ, t) ,

and introducing a Lagrange multiplier α for the constraint
∑︁

τ q(τ) = 1, we obtain

L(q, α) =
∑︂

τ

q(τ)R(τ) − 1
h

∑︂
τ

q(τ) log q(τ)
p(τ, t) + α

(︄∑︂
τ

q(τ) − 1
)︄

.

Differentiating with respect to q(τ) gives

R(τ) − 1
h

(︃
log q(τ)

p(τ, t) + 1
)︃

+ α = 0.

Rearranging,
log q(τ)

p(τ, t) = hR(τ) + hα − 1.

The last two terms are independent of τ and can therefore be absorbed into the normalization
constant. Hence,

p(τ, t + h) = p(τ, t)ehR(τ)

Z(t, h) , (7)

where
Z(t, h) =

∑︂
τ ′

p(τ ′, t)ehR(τ ′).
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For h → 0,
ehR(τ) = 1 + hR(τ) + o(h).

Therefore,
Z(t, h) =

∑︂
τ ′

p(τ ′, t)
(︁
1 + hR(τ ′) + o(h)

)︁
= 1 + h

∑︂
τ ′

p(τ ′, t)R(τ ′) + o(h)

= 1 + hA(t) + o(h),

where
A(t) =

∑︂
τ ′

p(τ ′, t)R(τ ′)

is the expected final-answer accuracy.
Substituting this expansion into Eq. 7,

p(τ, t + h) = p(τ, t)1 + hR(τ) + o(h)
1 + hA(t) + o(h) .

Thus,
p(τ, t + h) − p(τ, t)

h
= p(τ, t)R(τ) − A(t) + o(1)

1 + hA(t) + o(h) .

Taking h → 0 gives
∂p(τ, t)

∂t
=
(︁
R(τ) − A(t)

)︁
p(τ, t).

A.2 Proof of Theorem 1

Proof. We first derive the dynamics of overall accuracy, tool-conditioned accuracy, and tool initiation,
and then show that the accuracy ordering induced by the SFT initialization is preserved.

Overall accuracy. By definition,

Ai(t) =
∑︂
τ∈Ω

pi(τ, t)R(τ).

Since R(τ) is fixed,

Ȧi(t) =
∑︂

τ

R(τ)∂pi(τ, t)
∂t

=
∑︂

τ

pi(τ, t)R(τ)
(︁
R(τ) − Ai(t)

)︁
=
∑︂

τ

pi(τ, t)R(τ)2 − Ai(t)
∑︂

τ

pi(τ, t)R(τ).

Because R(τ) ∈ {0, 1}, we have R(τ)2 = R(τ). Both sums therefore equal Ai(t), giving

Ȧi(t) = Ai(t)
(︁
1 − Ai(t)

)︁
.
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Tool-initiation dynamics. Define the probability mass of correct tool-using trajectories as

Ni(t) :=
∑︂
τ∈T

pi(τ, t)R(τ).

By the definition of conditional accuracy,

Ni(t) = Ii(t)Ci(t).

Since
Ii(t) =

∑︂
τ∈T

pi(τ, t),

Eq. 1 gives
İi(t) =

∑︂
τ∈T

∂pi(τ, t)
∂t

=
∑︂
τ∈T

pi(τ, t)
(︁
R(τ) − Ai(t)

)︁
= Ni(t) − Ai(t)Ii(t)
= Ii(t)

(︁
Ci(t) − Ai(t)

)︁
.

Using
Ai(t) = Ii(t)Ci(t) +

(︁
1 − Ii(t)

)︁
Di(t),

we obtain
Ci(t) − Ai(t) = Ci(t) − Ii(t)Ci(t) −

(︁
1 − Ii(t)

)︁
Di(t)

=
(︁
1 − Ii(t)

)︁(︁
Ci(t) − Di(t)

)︁
.

Therefore,
İi(t) = Ii(t)

(︁
1 − Ii(t)

)︁(︁
Ci(t) − Di(t)

)︁
.

Tool-conditioned accuracy. Differentiating Ni(t) gives

Ṅi(t) =
∑︂
τ∈T

R(τ)∂pi(τ, t)
∂t

=
∑︂
τ∈T

pi(τ, t)R(τ)
(︁
R(τ) − Ai(t)

)︁
.

Again using R(τ)2 = R(τ),

Ṅi(t) =
∑︂
τ∈T

pi(τ, t)R(τ) − Ai(t)
∑︂
τ∈T

pi(τ, t)R(τ)

= Ni(t)
(︁
1 − Ai(t)

)︁
.

Since
Ci(t) = Ni(t)

Ii(t)
,

we have
Ċi(t) = Ṅi(t)Ii(t) − Ni(t)İi(t)

Ii(t)2 .
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Substituting the expressions above,

Ċi(t) = Ni(t)(1 − Ai(t))Ii(t) − Ni(t)Ii(t)(Ci(t) − Ai(t))
Ii(t)2

= Ni(t)
Ii(t)

[(1 − Ai(t)) − (Ci(t) − Ai(t))]

= Ci(t)
(︁
1 − Ci(t)

)︁
.

Preservation of initialization ordering. From the previous derivation, we know that both
Ai(t) and Ci(t) satisfy the scalar differential equation

ẏ(t) = y(t)(1 − y(t)).

Consider first an initial value y(0) = y0 ∈ (0, 1). Separating the variables gives

dy

y(1 − y) = dt.

Integrating the left-hand side with respect to y from y0 to y(t), and the right-hand side with respect
to time from 0 to t, we obtain ∫︂ y(t)

y0

1
y(1 − y) dy =

∫︂ t

0
ds.

The left-hand side is ∫︂ y(t)

y0

1
y(1 − y) dy =

∫︂ y(t)

y0

(︃1
y

+ 1
1 − y

)︃
dy

= [log y − log(1 − y)]
⃓⃓⃓⃓
⃓
y(t)

y0

= log y(t)
1 − y(t) − log y0

1 − y0
.

Therefore,
log y(t)

1 − y(t) − log y0
1 − y0

= t.

Exponentiating both sides gives
y(t)

1 − y(t) = y0
1 − y0

et.

Solving for y(t) yields

y(t) = y0et

1 − y0 + y0et
.

Define
Ft(u) = uet

1 − u + uet
.

For every t ≥ 0, we have
∂Ft(u)

∂u
= et

(1 − u + uet)2 > 0.

Therefore, Ft is increasing in its initial value. It follows that

A1(0) ≥ A2(0) =⇒ A1(t) ≥ A2(t),
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and similarly,
C1(0) ≥ C2(0) =⇒ C1(t) ≥ C2(t)

for all t ≥ 0.

B Prompts

TOOL-OFF PROMPT

<|im_start|>system
You are a careful multimodal reasoner. Solve the problem from the image and

question.
<|im_end|>
<|im_start|>user
<image>
{QUESTION}
{BENCHMARK-SPECIFIC ANSWER-FORMAT INSTRUCTION}
<|im_end|>
<|im_start|>assistant

TOOL-ON PROMPT

<|im_start|>system
You are a careful multimodal reasoner. Solve the problem from the image and

question. If tools are available, use them only
when they are genuinely helpful. Use image_zoom_in_tool only for closer visual

inspection. Use code_interpreter only for
genuine numerical or symbolic computation over quantities and relations you have

already extracted; it cannot inspect the
original image.

# Tools

You may call one or more functions to assist with the user query.
Function signatures are provided within <tools></tools> XML tags:

<tools>
{

"function": {
"description": "Crop and magnify a rectangular region of the input image for

closer visual inspection.",
"name": "image_zoom_in_tool",
"parameters": {

"properties": {
"bbox_2d": {

"type": "array",
"description": "Bounding box [x1, y1, x2, y2] in original-image pixel

coordinates."
},
"code": null,
"label": {
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"type": "string",
"description": "Optional label for the region."

}
},
"required": ["bbox_2d"],
"type": "object"

}
},
"type": "function"

}
{

"function": {
"description": "Execute Python for genuine computation over quantities and

relations already extracted from the
problem; the original image is not an input to this tool.",
"name": "code_interpreter",
"parameters": {

"properties": {
"bbox_2d": null,
"code": {

"type": "string",
"description": "Python source for numerical or symbolic computation."

},
"label": null

},
"required": ["code"],
"type": "object"

}
},
"type": "function"

}
</tools>

Return each function call as JSON within <tool_call></tool_call> XML tags:

<tool_call>
{"name": <function-name>, "arguments": <args-json-object>}
</tool_call>
<|im_end|>
<|im_start|>user
<image>
{QUESTION}
{BENCHMARK-SPECIFIC ANSWER-FORMAT INSTRUCTION}
<|im_end|>
<|im_start|>assistant
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C Experimental Configuration

C.1 SFT Configuration

All SFT experiments initialize from Qwen2.5-VL-7B-Instruct. For the original Low, Medium, and High
settings, each training set contains 2,000 question–trajectory pairs containing 750 Zoom trajectories,
750 Code trajectories, and 500 shared tool-free ones. Low contains one-call tool trajectories, Medium
contains two-to-three-call trajectories, and High contains trajectories with at least four calls. The
three datasets have approximately matched total token budgets to ensure a fair comparison on the
SFT training stage.
We train each model for one epoch, corresponding to 50 optimizer updates, using AdamW with
a global batch size of 40. The learning rate peaks at 1 × 10−5 and is cosine-decayed to 1 × 10−6.
The SFT objective is computed only over assistant-generated tokens, including natural-language
reasoning, structured tool calls, and final answers. System messages, user messages, and tool
observations are masked from the loss. All three settings use the same prompt templates, tool
schemas, optimizer configuration, and training schedule.
For the length-filtering experiments in Section 4.1, we retain complete trajectories from the original
High dataset without modifying their contents. Length-Filtered (50%) and Length-Filtered (25%)
retain approximately 50% and 25% of the original assistant-supervised token mass per epoch,
corresponding to approximately 36% and 16% of the trajectories, respectively. To approximately
match the cumulative assistant-supervised token exposure of the original High while keeping the
optimization budget fixed, all variants use exactly 50 optimizer updates. The original High is trained
for one epoch with a global batch size of 40. Length-Filtered (50%) is trained for two epochs with a
global batch size of 29, and Length-Filtered (25%) is trained for four epochs with a global batch
size of 26. The optimizer, learning-rate schedule, warmup, weight decay, loss masking, and all other
SFT settings are kept unchanged.

C.2 RL Configuration

Starting from each SFT checkpoint, we apply the same outcome-only GRPO (Shao et al., 2024)
procedure. Training runs for 32 RL updates with a learning rate of 1 × 10−6. At each update, we
sample 512 training questions and generate five rollouts per question. All model variants use the
same RL questions, question ordering, sampling configuration, and decoding settings.
Each rollout may invoke Zoom and Code for at most eight tool calls and has an 8,192-token response
budget. The reward is determined solely by final-answer correctness. We do not provide auxiliary
rewards for tool use, tool-call depth, pre-call reasoning length, or intermediate reasoning quality.
Consequently, any change in tool-use behavior during RL arises from optimizing final task success
rather than from explicit supervision of tool frequency.

C.3 Evaluation Configuration

We report two inference settings. In tool-on, both Zoom and Code are available, with the same
maximum of eight tool calls and 8,192-token response budget used during RL. The model decides
itself whether to call tools and when to call them. It may invoke multiple tools or simply perform
a tool-free rollout based on its own decision. In tool-off, the tool schemas are removed and the
model must answer directly. Final accuracy is computed from the model’s final answer under the
benchmark-specific evaluation protocol.
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For tool-behavior analysis, we define a tool-using trajectory as one containing at least one actual
execution attempt of a supported Zoom or Code call. The tool initiation rate is the fraction of
evaluation examples satisfying this criterion. We further report tool-conditioned accuracy, defined
as final-answer accuracy restricted to these tool-using trajectories. Because different policies may
choose to invoke tools on different questions, this conditional metric is descriptive and should not
be interpreted as a same-question causal estimate of the benefit of tool use. Malformed calls or
unknown tool names that do not result in an execution are not counted as successful tool initiations.

D Additional Results

Tables 4 and 5 provide the benchmark-level breakdown of the aggregate results reported in Table 1.
RL improves final accuracy broadly across benchmarks for all three SFT initializations, despite their
substantially different tool-use dynamics discussed in Section 3. The detailed results also show that
the aggregate trends are not driven by a single benchmark: after RL, the three initializations achieve
broadly comparable tool-on performance on several benchmarks, while tool-off performance
remains competitive.

Table 4: Tool-on accuracy (%) of the Low, Medium, and High SFT and RL checkpoints. Overall reports
pooled accuracy across all 6,431 evaluation examples.

Checkpoint V* ChartQA MathVista WeMath CharXiv Overall

Low SFT 79.06 71.80 57.90 54.89 33.60 59.34
Low RL 83.25 84.72 65.60 58.10 40.80 67.67

Medium SFT 54.97 53.96 48.80 53.05 18.50 47.43
Medium RL 85.34 83.40 66.90 62.24 35.10 67.66

High SFT 26.70 48.00 47.30 55.57 10.30 43.45
High RL 84.29 85.48 65.10 57.30 31.40 66.24

Table 5: Tool-off accuracy (%) of the Low, Medium, and High SFT and RL checkpoints. Overall reports
pooled accuracy across all 6,431 evaluation examples.

Checkpoint V* ChartQA MathVista WeMath CharXiv Overall

Low SFT 75.39 74.04 61.20 55.17 26.90 59.65
Low RL 83.77 86.16 69.00 56.72 36.00 67.66

Medium SFT 80.63 76.44 62.60 55.80 33.40 62.14
Medium RL 85.34 87.88 68.50 62.93 39.80 70.56

High SFT 79.58 78.20 65.10 55.46 36.20 63.52
High RL 85.86 87.56 66.90 60.98 34.80 68.90
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