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Abstract

Tool-integrated reasoning (TIR) enables large
language models (LLMs) to invoke external
tools for tasks beyond their internal capacity
but often suffers from tool overuse. Existing ap-
proaches leverage imitation learning or reward
shaping to improve efficiency, yet they mainly
target single-tool scenarios and ignore the vary-
ing invocation costs across tools in multi-tool
reasoning (MTIR). To address these gaps, we
propose EMTIR-GRPO, a simple yet effective
RL algorithm for cost-aware MTIR. Built upon
GRPO, we introduce a composite reward con-
sidering format completeness, answer correct-
ness, and tool efficiency. By incorporating a
cost-aware coefficient with group optimal cost
estimation, EMTIR-GRPO explicitly models
heterogeneous tool costs and encourages more
cost-effective tool-use strategies. Experiments
on MTIR-QA and MTIR-TC demonstrate sig-
nificant efficiency gains (e.g., A+10.9 on Tool-
Star-7B and A+3.6 on ReCall-7B) while main-
taining or even improving accuracy (e.g., 55.4
vs. 52.0 on Tool-Star-7B). Additional budget-
constrained and tool-free evaluations further
validate its effectiveness in maximizing cost-
efficiency and reducing cognitive offloading.

1 Introduction

Recent advances in large language models (LLMs)
have demonstrated impressive reasoning capabil-
ities when fine-tuned via reinforcement learning
with verifiable rewards (RLVR) (Lambert et al.,
2024; DeepSeek-Al et al., 2025; Team et al., 2025).
However, relying on language-only reasoning ca-
pabilities of LLMs is often insufficient for tasks
that require interaction with external environments,
such as accessing up-to-date domain knowledge or
performing precise computations (Qu et al., 2025).
To overcome these limitations, the tool-integrated
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Figure 1: Overview of tool productivity improvements
on MTIR-QA (Tool-Star) and MTIR-TC (Tool-Call).

reasoning (TIR) paradigm enables LLMs to inter-
act with external tools—such as search engines,
code interpreters, or domain-specific APIs—within
a multi-step, feedback-driven loop to arrive at solu-
tions (Paranjape et al., 2023; Qin et al., 2024).

While early efforts to enhance tool-use capabili-
ties focused on in-context learning (ICL) (Yao et al.,
2023; Paranjape et al., 2023) and supervised fine-
tuning (SFT) (Qin et al., 2024; Schick et al., 2023),
more recent work has extended RLVR to TIR (Jin
et al., 2025; Li et al., 2025b; Qian et al., 2025a;
Dong et al., 2025a). However, despite achieving
strong performance and generalization, similar to
the overthinking in pure text-based reasoning (Sui
et al., 2025), current TIR methods that focus on
answer correctness often encourage indiscriminate
tool usage—overuse, which introduces critical chal-
lenges during both training and inference (Wang
et al., 2025a). On the one hand, frequent and unnec-
essary tool calls lead to substantial computational
and time overheads. On the other hand, excessive
reliance on tools can hinder the development and
utilization of the intrinsic reasoning ability, a phe-
nomenon referred to as cognitive offloading (Wang
et al., 2025b,a). Consequently, recent studies in-
creasingly focus on the efficiency of tool-integrated
reasoning in addition to performance.

Early efforts to improve tool-use efficiency re-
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lied on prompt engineering and SFT (Wang et al.,
2025b; Shen et al., 2024; Qian et al., 2025b; Lyu
et al., 2024), while more recent RLVR-based meth-
ods such as ActLess and Frugal (Wang et al., 2025a;
Java et al., 2025) achieved efficiency gains with
reward shaping. Despite their success, existing
RL-based methods remain limited to single-tool
reasoning and overlook cost-efficient strategies
in multi-tool integrated reasoning (MTIR) (Dong
et al., 2025a; Paranjape et al., 2023). Meanwhile,
existing MTIR approaches (Shen et al., 2024; Qian
et al., 2025b) often rely on complex workflows and
annotated datasets, limiting their generality. More-
over, most methods (Song et al., 2025) estimate
cost by the number of tool calls, ignoring the vary-
ing invocation costs of different tools.

To address the challenges of MTIR efficiency,
we propose Efficient MTIR with Group Relative
Policy Optimization (EMTIR-GRPO), a simple yet
effective RL-based algorithm for cost-aware multi-
tool reasoning. We first provide a formal definition
of GRPO in the MTIR setting. Then, we design a
composite reward mechanism that integrates three
critical aspects: format completeness, answer cor-
rectness, and tool efficiency. We further estimate
the trajectory cost of tool usage and further intro-
duce group optimal cost estimation based on a set
of sampled trajectories. Combining these elements
yields a cost-effectiveness coefficient, which adap-
tively adjusts the answer reward and encourages the
model to pursue more efficient tool-use strategies.

To validate the generality of our method (Singh
et al., 2025), we evaluate EMTIR-GRPO in both
MTIR-Question Answering (MTIR-QA) (Dong
et al., 2025a) and MTIR-Task Completion (MTIR-
TC) (Chen et al., 2025). As shown in Figure 1,
experimental results demonstrate that our approach
improves tool-use efficiency while maintaining the
performance. And budget-constrained inference
and no-tool reasoning experiments further high-
light the ability of EMTIR-GRPO to maximize
cost-effectiveness and mitigate cognitive offload-
ing caused by over-reliance on tools. In summary,
our key contributions are as follows:

* We propose EMTIR-GRPO, which applies re-
ward shaping to encourage efficient tool use in
MTIR while preserving task-solving capability.

* EMTIR-GRPO introduces a cost-aware learning
mechanism that accounts for varying tool costs,
enabling the construction of cost-efficient agents.

* Extensive experiments on MTIR-QA and MTIR-

TC validate the effectiveness of EMTIR-GRPO,
as well as its ability to maximize budget utiliza-
tion and mitigate cognitive offloading.

2 Related Works

Tool Utilization for LLMs Teaching LLMs to
use tools enables them to interact with external
environments while overcoming several inherent
limitations, such as no access to up-to-date or
domain-specific knowledge and poor mathematical
operation capabilities (Qu et al., 2025). Early TIR
methods primarily rely on in-context learning (Yao
et al., 2023; Paranjape et al., 2023; Qin et al.,
2024) or SFT-based methods (Schick et al., 2023;
Gou et al., 2024; Li et al., 2025a). However, these
methods often show limited generalization to
unseen tasks or tool configurations. Recent work
explores training LLMs to explore strategies for
appropriate tool use via RLVR (Jin et al., 2025;
Li et al., 2025b; Dong et al., 2025a). Empirical
results show that RLVR enables models to learn
more robust and adaptive tool use strategies (Qian
et al., 2025a; Chen et al., 2025).

Tool-Integrated Reasoning Efficiency Previous
studies have primarily addressed the efficiency of
TIR through prompt engineering and supervised
fine-tuning (Wang et al., 2025b; Qian et al., 2025b;
Lyu et al., 2024; Guan et al., 2025). For example,
SelfDC (Wang et al., 2025b) introduced a prompt-
based framework, which leverages self-confidence
scores to decide whether external tools should be
invoked. And recent works such as Actless (Wang
et al., 2025a), FrugalRAG (Java et al., 2025), and
InForage (Qian and Liu, 2025) incorporate effi-
ciency factors into reward shaping within the RLVR
paradigm, thereby improving generalization (Song
etal., 2025). However, their designs are still limited
to single-tool settings and only consider the number
of tool calls. They ignore varying invocation costs
among different tools and cannot be effectively gen-
eralized to multi-tool integrated reasoning (MTIR)
scenarios, including both MTIR-QA (Dong et al.,
2025a) and MTIR-TC (Chen et al., 2025).

3 Methodology

We introduce the MTIR process under the ReAct
paradigm (Yao et al., 2023), where multiple tools
are orchestrated for reasoning and execution. Then
we formulate the cost-aware MTIR optimization
problem and propose an RLVR-based optimization
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Figure 2: Overview of the EMTIR-GRPO algorithm. We extend GRPO with multi-tool integration in rollout and

incorporates a composite verifiable reward mechanism with cost-effectiveness coefficients.

algorithm with reward shaping. We further instan-
tiate this algorithm in two scenarios.

3.1 Problem Formulation

The Multi-Tool Integrated Reasoning (MTIR) is the
process where the language model M collaborates
with multiple external tools to carry out multi-step
reasoning. Under the ReAct paradigm, given a
question g and an environment £ equipped with
atool set T = {t1,ta,...,t,} containing n tools,
the MTIR trajectory 73 up at step k is denoted as:

Tk:(A17A27"-7Ak)7 Ai:<ri77gaoi>7

where A; denotes the i-th intermediate reasoning
step. Specifically, r; is the natural language rea-
soning generated by M at step i, 7; C T denotes
the set of tools invoked at step ¢, and o; denotes
corresponding results from & after executing tools
in 7;. At each step k£ + 1, the model M gener-
ates Ay1 conditioned on the trajectory history
(A1, ..., Ag). This iterative generation continues
until it reaches the predefined maximum interaction
turns or produces a final answer a, at which point
Apg1 = (Th41) With Ty = 0 and 0p41 = 0.

We consider the efficiency of tool calls condi-
tioned on the correctness of the final answer a with
respect to the ground truth a. During the MTIR pro-
cess, each tool invocation incurs a non-negligible
cost, and we denote the cumulative cost of a trajec-
tory 7 as Cost(7) . Based on this, we formulate the
cost-aware MTIR optimization problem as follows:

argmin Cost(7) subjectto Acc(a,a) =1,

T

where Acc(a, @) represents the accuracy evaluation
function. With this objective, the model is required
not only to ensure accuracy but also to adopt a cost-
aware strategy for tool usage. Instead of simply
minimizing the number of tool calls (Wang et al.,
2025a; Song et al., 2025), we explicitly account
for diverse possible cost dimensions (e.g., compu-
tational latency, monetary expenditure, or resource
consumption) (Zheng et al., 2024; Xu et al., 2025),
which is crucial for MTIR involving multiple tools
with heterogeneous costs (Wang et al., 2025¢).

3.2 EMTIR-GRPO

Previous offline approaches such as SFT or DPO
for efficient MTIR often overfit to the cost patterns
and tool configurations in offline data (Lyu et al.,
2025; Xu et al., 2025). As shown in Figure 2, we
adopt the RLVR algorithm (Lambert et al., 2024)
with multi-tool integration, which enables sample-
efficient and effective online exploration. More-
over, we design a composite reward mechanism
that explicitly guides the model toward cost-aware
MTIR strategies (Wang et al., 2025c).

3.2.1 Group Relative Policy Optimization
with Multi-tool Integration

We employ Group Relative Policy Optimization
(GRPO) (Shao et al., 2024) as the RLVR algorithm
with multi-tool integration. GRPO extends Proxi-
mal Policy Optimization (PPO) (Schulman et al.,
2017) by eliminating the critic and instead estimat-
ing the baseline from a group of sampled responses.
Specifically, for each input task ¢ ~ D, GRPO sam-
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ples a set of responses {y;}$ , from the existing
policy o4, Where y; consists of the multi-tool inte-
grated reasoning trajectory 7; and the final answer
a;. The current policy model 7y is then optimized
by maximizing the following objective:

jGRPO(e) = Equ,{yi ,G=1~7rold('\q;7'))

G |yl
1 1
a > ST 2

=1 t=1 I(ylyt) t:l:[(yi,t)=1

7y

| mo(Yitla yi<t; T)
min
Wold(yi,t|q, Yi<ts T)

clip< To(Yitld, Yi<t; T)) 1 —e 1+ e) Ai)

Told (it |a, Yi,<t3 T

— Bk, [T | mret] ] 7

where A; denotes the trajectory advantage of the
t-th rollout computed based on the rewards of roll-
outs within the group G. The hyperparameters e
and 3 control the clipping ratio and the penalty
weight for the KL divergence between the current
policy 7y and the reference policy 7s. Moreover,
I(y;.) is the token loss masking operation such
that (y;+) = 1if y; + is an LLM-generated token
and I (y; ) = 0if y; ; is a token from tool executing
results. This masking prevents unintended learning
dynamics caused by optimization on observation
tokens (Jin et al., 2025). The token masking is also
applied to compute the KL divergence loss Dkr,.

3.2.2 Cost-Aware Reward Design

To achieve cost-aware MTIR optimization, we con-
struct a response-level verifiable reward grounded
in three factors: (1) format completeness, (2) an-
swer correctness, and (3) tool efficiency.

Format Check. This component checks two
main criteria: (1) the correct ordering of reason-
ing, tool calls, and observations; and (2) the final
answer is properly enclosed within the designated
tags. The format check guides the model to output
in a consistent and parsable manner.

Answer Accuracy. This component evaluates
whether the final result a matches the ground-truth
a. The answer accuracy reward r,.. incentivizes
the model to solve the task correctly, ensuring that
the primary objective of MTIR is met. A binary 0/1
reward is assigned for wrong and correct answers
to combine with the cost-effectiveness coefficient.

Cost-Effectiveness Coefficient. We further in-
troduce a tool cost-effectiveness coefficient 7, to
encourage efficient tool use. This coefficient mea-
sures the efficiency of tool usage in the MTIR pro-
cess, conditioned on the model producing correct
and well-formatted outputs. It takes values in (0, 1)
to scale the r,.. accordingly with the calculation
given in Section 3.2.3. Thus, the overall reward R
for a response y is defined as follows:

R— {Te * Tacce
-1

3.2.3 Cost-effectiveness Coefficient

Trajectory Cost Estimation. For a given ques-
tion ¢ and its associated tool set 7, according to
our definition in Section 2.2, an MTIR trajectory
7 sampled by the policy model contains the usage
counts {ny,nz,...,n 7} for each tool in 7. We
define the tool usage cost of the trajectory 7 as:

If Good Format .
. , Tace = Acc(a, )
Otherwise

7]
Cost(T) = Y nj-¢j, ¢ = Cjton+¢jrrm +Tj,
7=1

where c; 101 denotes the estimated cost of invoking
tool ¢; itself, ¢; 11, denotes the estimated cost of
using the LLM for tool invocation, and 7); denotes
the estimated consumed time. Following Zheng
et al. (2024), we assume that all costs are measur-
able in a unified unit. Since c; o may vary in
practice, unlike prior work (Xu et al., 2025) that
assumes fixed cost settings, we assign a randomly
sampled invocation cost ¢; € [1,10] to every tool
t; € T for each query ¢. This formulation reflects
realistic cost variability and avoids overfitting.

Coefficient Computation. For the current policy
Ty, we assume that there exists a minimal tool in-
vocation cost ¢* required to solve a query q. To rea-
sonably estimate the cost-effectiveness of the cur-
rent trajectory 7, inspired by Wang et al. (2025a),
we compare its invocation cost Cost(7) with the
optimal cost ¢* for solving the query, and derive
the adjustment coefficient r. as:

Cost(r) eox
S COS(W * 71') ifc =0
e . .
sm(% *7) otherwise

where s is a smoothing constant that controls the
decay rate of the reward when the c¢* is zero. The 7,
tends toward 1 as Cost(7) approaches the optimal
cost c¢*, or as Cost(7) decreases when ¢* = 0.
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And the cost-effectiveness coefficient reduces to
a simple call-count effectiveness coefficient when
all tool costs are equal or only one tool is invoked,
highlighting the broad applicability of our method.

Group Optimal Cost Estimation. The value of
c* varies under different cost settings. As the intrin-
sic reasoning ability influences tool dependency,
the optimal cost also differs across models and
training stages. To estimate c¢* for the current pol-
icy on a given query g, we collect trajectories from
the current sampled group that satisfy 74 = 1,
forming the set Cost(7;),. .., Cost(7;). We then
define ¢; = min{Cost(7;), ..., Cost(;)} as the
estimated optimal cost c*. This estimation avoids
additional manual annotation or strong supervision
and dynamically adapts to current reasoning ability.

3.3 Instantiations of EMTIR-GRPO

To demonstrate the generality of EMTIR-GRPO,
we instantiate it in two representative scenarios.

3.3.1 MTIR-QA

The multi-tool integrated question answering
(MTIR-QA) aims to enhance LLMs with exter-
nal tools to address two key limitations of purely
text-based question answering (Trivedi et al., 2022;
Cobbe et al., 2021): knowledge hallucination and
inaccurate computation (Paranjape et al., 2023;
Dong et al., 2025a). We employ a Python inter-
preter and a search engine to achieve this.

During rollouts, LLMs conduct internal rea-
soning within the <think>...</think> and invoke
one of the two tools per interaction by placing
executable code in the <python>...</python> or
search queries in <search>...</search>. While
many questions in MTIR-QA can be answered
without tools, excessive tool invocation leads to
cognitive offloading (Wang et al., 2025a). In MTIR-
QA, we apply EMTIR-GRPO not only to improve
tool efficiency but also to reduce overreliance on
tools, thereby mitigating cognitive offloading.

3.3.2 MTIR-TC

The multi-tool integrated task completion (MTIR-
TC) leverages domain-specific APIs to fulfill user
requests (Guo et al., 2024), in contrast to MTIR-
QA, where tools primarily assist reasoning (Singh
et al., 2025). For each query ¢, we incorporate into
the system prompt the descriptions of all related
tools in function calling schemas (OpenAl, 2023;
Chen et al., 2025), guiding the model to select and
invoke the appropriate tools for task completion.

During rollouts, the internal reasoning is also
enclosed in <think>...</think>, while tool invo-
cations with names and parameters are specified in
<toll_call> ... </toll_call>, where multiple
tools may be invoked in one interaction. In MTIR-
TC, pure text-based reasoning is insufficient, and
LLMs must rely on external tools to accomplish the
assigned tasks, which often leads to excessive API
calls and high invocation costs (Zheng et al., 2024).
Therefore, in MTIR-TC, we apply EMTIR-GRPO
to not only improve tool usage efficiency but also
maximize tool invocation benefits to save budget.

4 Experiment

4.1 Setup

Training Setting We implement our EMTIR-
GRPO on three representative frameworks: Tool-
Star (Dong et al., 2025a) and ARPO (Dong et al.,
2025b) as MTIR-QA cases, and ReCall (Chen et al.,
2025) as the MTIR-TC case. We use Qwen2.5-3B-
Instruct and Qwen2.5-7B-Instruct as the backbone
models for training. To ensure fair comparison,
we reuse their released training data (Wang et al.,
2025a). Inspired by Bai et al. (2025), we progres-
sively decrease the maximum interaction turns to
encourage broader exploration of tool-use behav-
iors in the early stage. Other hyperparameters fol-
low the original training settings, with further de-
tails provided in Appendix D.1 and D.2.

Benchmark For MTIR-QA, we evaluate two
categories of benchmarks: (1) knowledge-
intensive benchmarks: Bamboogle (Press et al.,
2023), 2WikiMultihopQA (Ho et al., 2020),
Musique (Trivedi et al., 2022), and BeerQA (Qi
et al., 2021); (2) mathematical benchmarks:
AIME25 (aim), OlympiadBench-math (He et al.,
2024), Math (Hendrycks et al.,, 2021), and
GSMSK (Cobbe et al., 2021). We follow the
test set split of Tool-Star (Dong et al., 2025a)
for MTIR-QA. For MTIR-TC, we adopt Stable-
ToolBench (Guo et al., 2024), a stable test set de-
rived from ToolBench. In addition, we employ
the MirrorAPI-Cache model (Guo et al., 2025) to
locally simulate the required RapidAPI services.

Baselines For MTIR-QA, we consider: (1)
Single-tool RL: CIR (Bai et al.,, 2025), Re-
Search (Chen et al., 2025), and Search-R1 (Jin
et al., 2025); (2) Base Models with MTIR prompt:
Qwen2.5 (Yang et al., 2024); (3) Multi-tool RL:
AutoTIR (Wei et al., 2025), ARPO, and Tool-
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Table 1: Overall results of various baselines on the MTIR-QA tasks. “(ours)” denotes the application of our proposed
EMTIR-GRPO during the RL stage. The top two results are highlighted in bold and underlined.

Knowledge-Intensive Domain

Mathematical Domain

Method Bamb. 2Wiki. MuSiQ.  BeerQA  AIME25  MATH GSMSK Olym. AVG
Acc TP Acc TP Acc TP Acc TP Acc TP Acc TP Acc TP  Acc TP Acc TP
Models based on Qwen2.5-Instruct-3B
MTIR-Prompt  24.0 87 20 55 145 42 325 121 0 0 514 160 37 8.1 25 363 256 114
Search-R1 488 13.0 46 116 235 50 41 139 0 0 724 124 768 132 28 6.5 421 94
CIR 262 99 23 81 85 36 205 84 133 14 784 134 772 146 338 45 352 80
Tool-Star 528 13.0 525 128 24 49 465 127 167 3.0 82 162 846 166 364 6.7 494 107
ARPO 53.6 132 505 12.1 275 57 45 113 167 33 792 155 84 163 376 7.0 493 10.6
Tool-Star (ours) 57.6 15.0 50 13.0 26 6.0 495 173 20 55 822 172 838 167 376 83 50.8 124
ARPO (ours) 52 137 535 136 28 62 505 163 133 25 816 268 852 341 39 100 504 154
Models based on Qwen2.5-Instruct-7B
MTIR-Prompt 48 12.0 405 84 245 55 45 137 33 04 772 109 792 102 376 69 444 85
Search-R1 504 115 445 68 22 38 44 124 67 1.1 758 93 696 75 334 39 433 74
ReSearch 56 78 49 68 305 38 485 87 33 03 718 53 658 38 322 26 446 49
CIR 352 126 235 147 9 84 21 179 233 4.1 864 205 92 221 426 87 416 136
AutoTIR 536 11.7 485 81 30 52 515 154 20 1.1 856 127 898 154 422 30 523 8.6
Tool-Star 608 98 56 61 215 25 465 76 20 33 848 144 806 152 454 70 520 82
ARPO 60 159 575 146 315 69 515 167 167 3.0 87 172 92 181 47.8 92 555 127
Tool-Star (ours) 57.6 18.0 57.5 220 30 89 49 27.0 233 74 872 300 92 24.1 464 155 554 19.1
ARPO (ours) 59.2 315 59 328 275 142 47 258 233 74 878 828 926 111.6 474 20.1 555 408

Star. For MTIR-TC, we consider RL-based ap-
proaches, including ReCall (Chen et al., 2025) and
ToolRL (Qian et al., 2025a). All baselines are based
on the same backbone model’.

Evaluation Setting and Metrics We employ
greedy decoding for evaluation and no limit on
the maximum interaction turns to fully examine
the tool-use capability. We adopt LLM-based judg-
ing (Qwen2.5-72B-Instruct) to verify answer cor-
rectness for QA tasks and use GPT-4o0 to assess
Final Answer Completeness (FAC) for StableTool-
Bench (Guo et al., 2025). Additionally, we eval-
uate tool productivity (TP) to measure the effec-
tiveness of tool use (Wang et al., 2025a). For-
mally, TP on a given benchmark B is defined as

TP = ACCp , where ACC denotes
B ﬁ > rep Cost(7)

the score on B, and ‘{?1]3}' > +cp Cost(7) is the
average cost across all trajectories evaluated on
B. The metric reflects how efficiently the model
converts tool usage into correct answers. Consis-
tent with training, each tool in the evaluation is
randomly assigned a cost from the range [1, 10].

4.2 Main Results

Results on MTIR-QA Table 1 shows the results
for MTIR-QA. Several key insights can be drawn:
* Efficiency improvements: Both ARPO and Tool-
Star trained with EMTIR-GRPO exhibit substan-
"For baselines lacking a 3B Instruct version or 7B Instruct

version, we replicate them using the exact parameter settings
from their open-source code.

L]

tial improvements in tool-use efficiency compared
to their original versions. On the 3B backbone,
ARPO (ours) and Tool-Star (ours) achieve aver-
age TP gains of A+4.8 and A+1.7, respectively.
On the 7B backbone, Tool-Star (ours) improves
by A+10.9 and ARPO (ours) by A+28.1.

Accuracy preservation: Despite incorporating
explicit constraints on tool usage, our models
maintain comparable performance to the original
settings and even surpass them. For example,
on the 7B backbone, Tool-Star (ours) achieves
a higher average accuracy (55.4 vs. 52.0) despite
no additional DPO training (Dong et al., 2025a).

Scalability with backbone size: Under the same
EMTIR-GRPO training, the 7B models yield
substantially larger relative TP improvements
than the 3B models—132.9% vs. 15.9% on
Tool-Star and 221.3% vs. 45.3% on ARPO. This
suggests that larger models, with richer internal
knowledge and stronger reasoning capabilities,
can benefit more from EMTIR-GRPO.

Overall superiority: Our models consistently
outperform competing baselines in both per-
formance and efficiency. On the 7B backbone,
ARPO (ours) attains the highest average accuracy
and exceeds task-specific single-tool methods
such as Search-R1 and CIR, as well as more
sophisticated RL-based approaches like AutoTIR,
in TP across all benchmarks.
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Table 2: Results on the MTIR-TC benchmark StableToolBench. Symbols follow the same definitions as in Table 1.
The benchmark includes six test scenarios: 11-Inst, I1-Tool, I1-Cat, I2-Inst, 12-Cat, and 13-Inst (Guo et al., 2024).

Method I1-Inst 11-Tool I1-Cat 12-Inst 12-Cat 13-Inst AVG
FAC TP FAC TP FAC TP FAC TP FAC TP FAC TP FAC TP
Models based on Qwen2.5-Instruct-3B
MTIR-Prompt 24 0.1 127 0.1 261 0.1 1.9 01 24 0.1 0 0 1.8 0.1
ToolRL 428 37 468 43 444 42 368 29 352 27 328 27 398 34
ReCall 266 1.5 344 20 412 24 274 15 274 16 279 1.7 308 1.8
ReCall (ours) 429 44 417 44 497 56 368 33 379 35 328 35 403 41
Models based on Qwen2.5-Instruct-7B
MTIR-Prompt 74 03 76 03 118 05 28 01 48 02 49 02 65 03
ToolRL 494 30 577 3.6 608 37 481 29 540 33 410 23 51.8 3.1
ReCall 462 2.1 485 22 536 23 509 20 476 1.7 492 27 493 22
ReCall (ours) 552 57 474 53 549 61 547 54 581 58 508 64 535 58

Results on MTIR-TC Table 2 reports the re-
sults on MTIR-FC tasks. We observe that ReCall
(ours) consistently achieves higher tool-use effi-
ciency than the original ReCall on both backbones,
with average TP gains of A+2.3 on 3B and A+3.6
on 7B. In addition, it also improves average FAC
by A+9.5 on 3B and A+4.2 on 7B. Moreover, even
compared with ToolRL, which adopts more com-
plex process-level rewards, our approach delivers
superior performance and efficiency. The results
across both MTIR-FC and MTIR-QA highlight
the strong generalization ability and superiority of
EMTIR-GRPO across different MTIR scenarios.

Table 3: Ablation studies on the MTIR-QA tasks.

Table 4: Ablation studies on the MTIR-TC tasks.

11-Cat 12-Inst 12-Cat
Method Acc TP Acc TP Acc TP
ReCall-3B (ours) 49.7 5.6 368 33 379 3.5
- w/o cost 359 35 298 25 31.1 27
-w/o c* estimate 405 4.3 358 3.1 315 3.0
- w/o coefficient 43.1 2.8 347 21 368 23

Bamb. AIME25 Olym.
Method Acc TP Acc TP Acc TP
Tool-Star-3B (ours) 57.6 15,0 20 55 37.6 83
- w/o cost 544 148 133 55 34 73
- w/o ¢* estimate 512 135 10 23 36.6 7.1
- w/o coefficient 552 13.6 10 1.7 352 6.6

5 Analysis
5.1 Ablation Study

We perform ablation studies on Tool-Star-3B (ours)
and ReCall-3B (ours) to examine the impact of
different components in EMTIR-GRPO. Specifi-
cally, w/o cost replaces the proposed trajectory cost
with the number of tool calls; w/o ¢* estimation
discards the group-based minimum cost ¢, as the
optimal reference; and w/o coefficient removes the
cost-effectiveness coefficient by setting r. = 1.
As shown in Table 3 and Table 4, the ablation
results yield three key findings: (1) Impact of cost-
awareness: Compared with efficiency optimiza-
tion solely on the number of calls, incorporating

cost-aware coefficients better guides the model to-
ward more efficient MTIR. This effect is especially
evident in MTIR-TC, where tools are diverse and
mandatory; (2) Role of group-based optimal cost
estimation: Using the group-based minimum cost
as the optimal reference, instead of a fixed value,
allows us to dynamically capture the tool-use capa-
bility of the current model and adaptively adjust the
training reward; (3) Effect of the coefficient: The
cost-effectiveness coefficient improves tool usage
efficiency by explicitly rewarding cost-sensitive
strategies while maintaining overall performance.

ReCall-3B ReCall-7B
ReCall-3B (ours) ReCall-7B (ours)
60

2

S 50

%]

2

= 40 1

S

< 30 1
10 15 20

Budget

Figure 3: Results of Budget-Constrained Inference.
We use the average FAC scores on StableToolBench to
evaluate the performance under different budget.
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5.2 Analyzing The Efficient Tool Use Behavior

Budget-Constrained Inference We design the
budget-constrained MTIR experiment and conduct
itin MTIR-FC, following Zheng et al. (2024). After
the model consumes the predefined tool call budget,
it can only output the result directly. This experi-
ment evaluates the ability to maximize tool invo-
cation benefits under a constrained budget. We set
budget thresholds to 10, 15, and 20, using the ran-
domly assigned tool costs described in Section 4.1.
Additional details are in Appendix D.3.

As shown in Figure 3, models trained with
EMTIR-GRPO consistently outperform the orig-
inal ReCall models under different budget con-
straints, demonstrating that incorporating the ef-
ficiency coefficient improves cost-awareness and
maximize budget utilization. Furthermore, while
the performance of ReCall degrades with increas-
ing budget, our models exhibit monotonic improve-
ments with larger budgets, further demonstrating
their ability to adaptively regulate tool usage.

Reason and Calling Token Efficiency In MTIR-
QA, we further analyze the efficiency of each inter-
action step .4; by tracking the per-call token usage
for tool invocations 7; and reasoning r;. This pro-
vides a fine-grained view of token consumption in
both reasoning and tool-calling processes.

AVG Reason Tokens Per Call

600

400

200

Token Length

math gsm8k Olym. aime25
AVG Tool Call Tokens Per Call

200

100 A

Token Length

0 T T T T
math gsm8k Olym. aime25

Tool-Star-3B Tool-Star-7B
Tool-Star-3B (ours) Tool-Star-7B (ours)

Figure 4: Analysis of token efficiency. Comparison of
average token lengths per call on four math benchmarks.

As shown in Figure 4, our method yields fewer

BeerQa BeerQa

MATH 2Wiki. MATH 2Wiki.
GSMSK Bamb.GSMSK Bamb.
Olym. Olym.
Tool-Star-Cold-Start-7B ARPO-Cold-Start-7B

Tool-Star-7B
—4— Tool-Star-7B (ours)

ARPO-7B
—4— ARPO-7B (ours)

Figure 5: Analysis of model intrinsic reasoning ability
without tool integration on ARPO and Tool-Star under
Cold-Start, Origin RL, and EMTIR-GRPO.

tokens for both reasoning and tool actions than the
original Tool-Star. This demonstrates that EMTIR-
GRPO not only reduces the overall cost of tool
usage but also optimizes the efficiency of decision-
making and execution for each tool invocation.

5.3 Analyzing the Intrinsic Reasoning Ability

Previous studies have noted that tool learning
may negatively affect the intrinsic reasoning abil-
ity (Wang et al., 2025a). To analyze the impact of
the efficiency coefficient on the intrinsic reasoning
capability, we conduct an evaluation in MTIR-QA
tasks with tools disabled. Details in Appendix D.4.

As illustrated in Figure 5, under the no-tool in-
tegration condition—where the model must rely
solely on its internal reasoning—our method sel-
dom falls behind the cold-start trained Qwen2.5-
7B-Instruct backbone and in most cases demon-
strates stronger intrinsic reasoning ability than Tool-
Star and ARPO. These results indicate that our
method not only enhances cost-efficient tool utiliza-
tion but also mitigates cognitive offloading, thereby
enhancing the inherent reasoning ability of models.

6 Conclusion

In this paper, we propose EMTIR-GRPO, a rein-
forcement learning algorithm tailored to cost-aware
multi-tool integrated reasoning (MTIR). Unlike
prior approaches that overlook heterogeneous tool
costs or rely solely on raw calling times of tool invo-
cations, EMTIR-GRPO introduces a composite re-
ward mechanism balancing answer correctness, for-
mat completeness, and tool efficiency. By incorpo-
rating the cost-effectiveness coefficient with group
optimal cost estimation, our method adaptively
guides models toward more efficient tool-use strate-
gies. Extensive experiments across MTIR-QA and
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MTIR-TC benchmarks demonstrate that EMTIR-
GRPO substantially improves tool-use efficiency
while preserving or even enhancing accuracy. Over-
all, EMTIR-GRPO provides a simple yet effective
solution for developing robust, scalable, and cost-
efficient multi-tool augmented LLLM agents.

Limitations

Although EMTIR-GRPO significantly improves
the efficiency of cost-aware tool invocation while
maintaining accuracy on several representative
MTIR-QA and MTIR-TC frameworks, our work
still has limitations. First, we did not explore more
sophisticated tool scenarios, including a wider vari-
ety of tools, more complex tools, or tools with over-
lapping functionality (e.g., calculators and code
interpreters). Second, our cost modeling remains
overly simplistic: we use random allocation to sim-
ulate the variability of tool call costs in the real
world. A more reasonable cost estimation method
is needed to achieve more realistic cost optimiza-
tion, such as accounting for the number of tokens
consumed by each tool call in LLMs. Moreover,
we have not incorporated reasoning as a cognitive
tool, and reasoning itself incurs substantial cost.
Decoupling reasoning from tool invocations and
integrating it into the tool set could enable a more
comprehensive optimization of tool efficiency. Fi-
nally, due to computational constraints, we con-
ducted experiments only on 3B and 7B models and
did not validate larger models or additional frame-
works. In future work, we plan to extend our algo-
rithm to more complex agent tasks, explore more
principled cost estimation, and integrate reasoning
as a cognitive tool into the tool set.
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A Related Works

Reinforcement Learning with Verifiable Re-
wards Reinforcement Learning with Verifiable
Rewards (RLVR) is a novel training approach de-
signed to enhance language models in tasks with
verifiable outcomes, such as math and coding (Lam-
bert et al., 2024; DeepSeek-Al et al., 2025; Team
etal., 2025). Unlike previous Reinforcement Learn-
ing from Human Feedback (RLHF), which relies

on a trained reward model (Ouyang et al., 2022;
Lee et al., 2024), RLVR instead employs rule-based
verification functions, such as exact answer match-
ing, to generate reward signals. This approach sim-
plifies the reward mechanism while maintaining
strong alignment with the task’s inherent correct-
ness criteria. The approach has led to significant
progress, exemplified by models such as DeepSeek-
R1 (DeepSeek-Al et al., 2025) and Kim1.5 (Team
et al., 2025). which achieve SOTA performance
in reasoning tasks. Furthermore, the development
of robust policy optimization algorithms, such as
PPO (Schulman et al., 2017), Reinforce++ (Hu
et al., 2025), RLOO (Ahmadian et al., 2024) and
GRPO (DeepSeek-Al et al., 2025), has played a
key role in RLVR’s success.

B Benchmarks

B.1 MTIR-QA Benchmarks

* Bamboogle (Press et al., 2023) is a challenging
multi-hop question-answering dataset designed
to prevent models from using the reasoning
shortcuts found in other benchmarks. It features
hand-crafted questions requiring up to four
reasoning hops, effectively testing a model’s
ability to perform genuine compositional
reasoning across multiple facts.

* 2WikiMultihopQA (Ho et al., 2020) is a large-
scale dataset for multi-hop question answering
that tests complex reasoning. It uniquely
requires models to integrate information by
combining structured knowledge from Wikidata
with unstructured text from Wikipedia.

* Musique (Trivedi et al., 2022) is a challenging
multi-hop question-answering dataset designed
to evaluate deep reasoning. Its primary difficulty
comes from dependency-based questions,
where each inference step requires information
retrieved from the previous one. This structure
makes Musique a rigorous benchmark for testing
a model’s ability to perform true sequential
logical reasoning rather than simple information
retrieval.

¢ BeerQA (Qi et al., 2021) is a benchmark for
evaluating open-domain question answering
systems on questions with unknown reasoning
complexity. It combines single-hop questions
from SQuAD Open, two-hop questions from
HotpotQA, and new questions requiring three
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or more steps, all mapped to a unified Wikipedia
corpus. This design prevents models from using
stylistic shortcuts and creates a robust test for
answering questions of varying and arbitrary
reasoning depths.

AIME2S5 (aim) consists of 30 challenging math
problems. It is directly composed of the real
questions from the American Invitational Math-
ematics Examination (AIME I & II) newly re-
leased in February 2025. AIME25’s knowledge
areas are extremely wide. It deeply covers core
mathematical sections such as algebra, geometry,
number theory, and combinatorial mathematics.
This characteristic enables the AIME2S5 dataset
to effectively distinguish the mathematical
reasoning abilities of different models.

OlympiadBench-math (He et al., 2024) is a
curated subset of the comprehensive Olympiad-
Bench benchmark, specifically designed for a
rigorous evaluation of advanced mathematical
reasoning. The dataset comprises open-ended
mathematics problems sourced from elite
international competitions and deliberately
excludes the collection’s proof-based problems.
This focus on open-ended questions ensures that
a model’s performance can be assessed through
objective and straightforward verification of its
final answers, making it a formidable test of deep
reasoning and creative problem-solving skills.

MATH (Hendrycks et al., 2021) is a significant
academic dataset. It is designed to test and
enhance models’ mathematical reasoning skills.
It covers a wide range of mathematical fields,
including abstract algebra, calculus, and discrete
mathematics. The dataset divides training
data into three levels, which helps effectively
evaluate model performance at different stages.

GSMS8K (Cobbe et al., 2021) is a widely
adopted benchmark designed to evaluate the
multi-step mathematical reasoning of large
language models. Introduced by OpenAl, the
dataset consists of high-quality, grade-school
level math word problems that each require 2
to 8 sequential steps to solve. The problems
are grounded in basic arithmetic operations,
making GSMS8K an essential tool for assessing
a model’s foundational capabilities in logical
deduction and numerical computation.

27889

B.2 MTIR-TC Benchmarks
¢ StableToolBench (Guo et al.,, 2024) is a

large-scale benchmark designed to address the
critical issues of instability and irreproducibility
in evaluating the tool-learning capabilities of
Large Language Models. Evolving from its
predecessor, ToolBench, it introduces a novel
virtual API server that combines a compre-
hensive caching system with LLM-powered
API simulators to guarantee consistent and
available tool responses, mitigating failures
from real-world online APIs. These components
make StableToolBench an essential and reliable
resource for assessing an LLM’s ability to
utilize diverse, real-world tools in a consistent
and comparable manner over time.

C Baselines

C.1 MTIR-QA Baselines
e CIR (Bai et al., 2025) is a post-training frame-

work designed to teach models to effectively and
efficiently integrate a Code Interpreter for com-
plex mathematical reasoning. Unlike methods
that simply prompt for tool use, CIR strategi-
cally inserts instructive hints at key points in
the reasoning process. This approach guides the
model on when to offload complex calculations
to the interpreter, mitigating inefficiencies like
delayed computation and redundant verification.
Ultimately, this framework enhances a model’s
ability to seamlessly combine natural language
reasoning with precise code execution, improv-
ing both accuracy and token efficiency.

Search-R1 (Jin et al., 2025) is a method that
utilizes reinforcement learning to train a model
from scratch, enabling it to actively call a search
engine during its reasoning process. The model
learns to dynamically generate necessary search
queries, retrieve relevant information, and then
integrate these findings into its reasoning chain
to construct a solution. In our experiments, we
adhere to the original prompting strategy to en-
sure a faithful evaluation of its capabilities.

Tool-Star (Dong et al., 2025a) is a reinforce-
ment learning framework that utilizes a two-
stage training paradigm, consisting of a cold-
start fine-tuning phase and a multi-tool self-critic
RL stage. This framework allows the model to
autonomously invoke and coordinate multiple
external tools, such as a search engine and a



code interpreter, during a single reasoning pro-
cess. This setup expands the model’s capabilities
beyond single-tool settings, enabling it to solve
complex problems that require both dynamic in-
formation retrieval and precise computation.

* ARPO (Dong et al., 2025b) is an agentic re-
inforcement learning algorithm designed to ad-
dress the limitations of traditional trajectory-
level methods in training multi-turn, tool-using
agents. The algorithm features an entropy-based
adaptive rollout mechanism, which allows the
model to dynamically intensify exploration by
branching its reasoning paths at high-uncertainty
steps that typically follow tool interactions. This
approach enhances the model’s ability to learn
effective stepwise tool-use strategies.

* AutoTIR (Wei et al., 2025) AutoTIR is a
reinforcement learning framework designed to
address the challenge of rigid, predefined tool-
use patterns that can degrade the model’s core
language competence. The framework uses a
hybrid reward mechanism that allows the model
to autonomously decide whether to invoke a
tool and which specific tool to use based on the
task context. It enhances the model’s ability
to learn a flexible and generalizable tool-use
policy, improving overall performance across
knowledge-intensive, mathematical, and general
language modeling domains.

C.2 MTIR-TC Baselines

* ReCall (Chen et al., 2025) is a reinforcement
learning framework designed to train LLMs to
effectively reason with tool calls, evolving from
its predecessor, ReSearch, to handle more gener-
alized, multi-tool scenarios. The framework ad-
dresses the scarcity of varied and verifiable data
for complex, multi-step tool-use tasks, enabling
the model to learn planning and decision-making
in a wide range of environments. Ultimately, this
approach enhances the model’s ability to gener-
alize across arbitrary tools while maintaining
strong performance in specialized domains.

* ToolRL (Qian et al., 2025a) is an approach
that applies reinforcement learning to enhance
general-purpose, multi-tool use in LLMs by
focusing on a principled and fine-grained
reward design. This method utilizes a detailed
reward structure that provides feedback on
multiple components, including the accuracy

of the output format, tool names, parameter
names, and parameter values. This approach
enhances the model’s ability to learn robust and
generalizable tool-use strategies, significantly
improving its performance in complex and
unfamiliar scenarios.

D Implementation Details

D.1 MTIR-QA Training

Details of Tools (1) Python Interpreter: Code
snippets generated by the language model are ex-
ecuted in a sandboxed environment, returning ei-
ther the execution result or error messages based
on correctness. Our Python interpreter implemen-
tation follows the design of ToRA (Gou et al.,
2024), ensuring secure and accurate execution; (2)
Search Engine: Following Jin et al. (2025), we use
Wikipedia® as the retrieval corpus and E5 (Wang
et al., 2024) as the retriever during training to
reduce training cost. And following Dong et al.
(2025a) and Shi et al. (2025), we use LangSearch3
as the web search engine for mathematical bench-
marks during evaluation.

Supervised Fine-Tuning Following
ARPO (Dong et al., 2025b) and Tool-Star (Dong
et al., 2025a), we conduct supervised fine-tuning of
the Qwen2.5-3B-Instruct and Qwen2.5-7B-Instruct
models using the Llama Factory framework with a
learning rate of 7 x 10~%. We employ DeepSpeed
ZeRO-3 (Rasley et al.,, 2020) and FlashAtten-
tion2 (Dao, 2023) for optimization. The models
are trained for 3 epochs with a batch size of 128,
a weight decay of 0.1, and BF16 mixed precision,
with a maximum input length of 4096 tokens. And
we reuse the cold-start datasets from Dong et al.
(2025b) and Dong et al. (2025a) as training data
for ARPO (ours) and Tool-Star (our), respectively.

Reinforcement Learning In the reinforcement
learning phase, we build upon the baseline imple-
mentations of Tool-Star and ARPO, with modifica-
tions to the reward function to realize our EMTIR-
GRPO algorithm. The learning rate for the policy
LLM is set to 1 x 109, with 8 rollouts per sample
for Tool-Star and 16 rollouts for ARPO. The total
training batch size is 128, and the mini-batch size
is 16. The maximum output length is set to 4096
to ensure completeness of exploration. Following
CIR (Bai et al., 2025), the maximum number of tool

2https://archive.org/details/enwiki-2018122
*https://langsearch.com/
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interaction rounds during training progressively de-
creases from 4 to 2. To stabilize training, we set
the KL divergence coefficient in GRPO to 0. The
reinforcement learning stage runs for 2 epochs, us-
ing the same training data as ARPO and Tool-Star.
All experiments are conducted on 8 NVIDIA A800
GPUs. Notably, for Tool-Star, we omit the self-
critic DPO training phase. The prompt template for
training and main results is illustrated in Figure 8.

Details of Cost-Aware Reward Implementation
We apply a format check based on the ordering of
these XML-style tags described in Section 3.3.1.
To avoid conflicts between the F1 reward and the
cost-effectiveness coefficient (Dong et al., 2025a),
we adopt exact match evaluation for knowledge-
intensive questions and math verification for com-
putational questions, both yielding binary 0/1 re-
wards. During the training, the model may solve
problems purely through text-based reasoning with-
out invoking tools, which triggers the smoothing
mechanism described in Section 3.2.2. To further
amplify the advantage differences among correct
trajectories with varying costs within the same
group, we define the smooth constant s as the prod-
uct of the maximum number of interaction turns
and the cost of a search calling for knowledge-
intensive questions and a Python calling for mathe-
matical questions.

D.2 MTIR-TC Training

Details of Tools (1) Synthetic Environment for
Training: Following ReCall (Chen et al., 2025),
we construct a synthetic environment in Python,
which typically consists of a synthetic database
(e.g., a Python dictionary) together with a set of ex-
ecutable functions*; (2) Simulation Environment
for Evaluation: For stable evaluation, we employ
the MirrorAPI-Cache (Guo et al., 2025) to simulate
the RapidAPI° environment.

Reinforcement Learning Similar to Re-
Call (Chen et al., 2025), we adopt a zero RL
training paradigm without cold-start initialization.
Our method builds upon the baseline implemen-
tations of ReCall, with necessary modifications
to realize the proposed EMTIR-GRPO algorithm.
Since ReCall does not provide specific hyper-
parameter configurations, we follow ARPO to
set the corresponding values. The learning rate

for the policy LLM is set to 1 x 107°, with 8
rollouts per sample. The total training batch
size 1s 128, and the mini-batch size is 16. The
maximum output length is set to 4096 tokens.
During training, the maximum number of tool
interaction rounds is progressively reduced from 5
to 3. The KL-divergence coefficient in GRPO is
set to 1 x 1073, following Zhuang* et al. (2025).
The reinforcement learning stage runs for 1 epoch,
using the same training data as ReCall. All
experiments are conducted on 8 NVIDIA A800
GPUs. The prompt template for training and main
results is illustrated in Figure 9.

Details of Cost-Aware Reward Implementation
We also apply a format check based on the ordering
of these XML-style tags described in Section 3.3.2.
Since the ground-truth answers for task comple-
tion are often difficult to evaluate by exact match,
we adopt partially exact match evaluation to ob-
tain binary rewards to avoid the problem of sparse
reward. Moreover, we define the corresponding
smooth constant s as the product of the maximum
number of interaction turns and the maximum cost
among those tools in the system prompt.

D.3 Budget-Constrained Inference

Under the MTIR-TC task setting, we specify the
budget and the cost of each tool directly in the
prompt, and return the remaining budget in the ob-
servation after every tool invocation. When the
cost of a tool call exceeds the remaining budget,
the execution is terminated and directly returns the
string “The cost of this API exceeds your remain-
ing budget of [left_budget].” as the execution result.
The corresponding system prompt is shown in Fig-
ure 10. This reasoning setup allows us to analyze
the model’s ability to maximize task performance
under constrained budgets.

D.4 No-Tool Integrated Inference

Under the MTIR-QA task setting, we explicitly
prohibit the model from using tools through
prompt instructions. However, since RL-trained
models may exhibit degraded instruction-following
ability, tool calls can still occur. To address this,
we append a “no tool available” response directly,
forcing the model to rely on its own reasoning

4https://attractive—almandine-935.notion.site/ReCaﬁﬂlpabﬂities' The corresponding system prompt is

Shttps://rapidapi.com/

illustrated in Figure 11.
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Figure 6: RL Training Curves. Comparison of average cost during training.
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Figure 7: RL Training Curves. Comparison of average response length during training.

E Training Curves

As illustrated in Figure 6 and Figure 7, our ap-
proach demonstrates not only more pronounced but
also more stable reductions in both tool call cost
and response length over the course of training,
when compared to Tool-Star and ReCall. This con-
sistent downward trend indicates that our method
is able to progressively optimize tool usage effi-
ciency while simultaneously shortening responses,
ultimately leading to a more cost-effective and
resource-efficient training process.
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Instruction for MTIR-QA

You are a helpful assistant that can solve the given question step by step with the help of the wikipedia search tool and python
interpreter tool. Given a question, you need to first think about the reasoning process in the mind and then provide the answer.
During thinking, you can invoke the wikipedia search tool to search and python interpreter tool to calculate the math problem for
fact information about specific topics if needed. You should make every tool call count and obtain useful results, considering that
each Python interpreter call costs [python_cost] and each search call costs [search_cost]. The reasoning process and answer are
enclosed within <think> </think> and <answer> </answer> tags respectively, and the search query and result are enclosed within
<search> </search> and <result> </result> tags respectively. After receiving the search or python result, you should continue
your reasoning process begin with <think>. For example, <think> This is the reasoning process. </think> <search> search query
here </search> <result> search result here </result> <think> This is the reasoning process. </think> <python> python code here
</python> <result> python interpreter result here </result> <think> This is the reasoning process. </think> <answer> The final

answer is
answer here

</answer>. In the last part of the answer, the final exact answer is enclosed within \boxed{} with latex format.
.

\\§

Figure 8: The System Prompt for MTIR-QA training and main evaluation.

Instruction for MTIR-TC

In this environment you have access to a set of tools you can use to assist with the user query. You may perform multiple rounds
of function calls. In each round, you can call one or more functions.

Here are available functions in JSONSchema format: ¢ ¢ ‘json {func_schemas} ¢ *
In your response, you need to first think about the reasoning process in the mind and then conduct function calling to get the
information or perform the actions if needed. The reasoning process and function calling are enclosed within <think> </think>
and <tool_call> </tool_call> tags. The results of the function calls will be given back to you after execution, and you can
continue to call functions until you get the final answer for the user’s question. You should make every function call count and
obtain useful results. The costs of the function calls are as follows:

{cost_sentence}

Finally, if you have got the answer, enclose it within

boxed with latex format and do not continue to call functions, i.e., <think> Based on the response from the function call, I get the
weather information. </think> The weather in Beijing on 2025-04-01 is

20C |.

For each function call, return a json object with function name and arguments within <tool_call></tool_call> XML tags:
<tool_call> "name": <function-name>, "arguments": <args-json-object> </tool_call>
&

.

Figure 9: The System Prompt for MTIR-TC training and main evaluation.

Instruction for Budget-Constrained Inference

In this environment you have access to a set of tools you can use to assist with the user query. You may perform multiple rounds
of function calls. In each round, you can call one or more functions.

Here are available functions in JSONSchema format: ¢ ¢ ‘json {func_schemas} ¢
In your response, you need to first think about the reasoning process in the mind and then conduct function calling to get the
information or perform the actions if needed. The reasoning process and function calling are enclosed within <think> </think>
and <tool_call> </tool_call> tags. The results of the function calls will be given back to you after execution, and you can
continue to call functions until you get the final answer for the user’s question. You should make every function call count and
obtain useful results. You have a total budget of [total_budget]. The costs of the function calls are as follows:

{cost_sentence}

Finally, if you have got the answer, enclose it within

boxed with latex format and do not continue to call functions, i.e., <think> Based on the response from the function call, I get the
weather information. </think> The weather in Beijing on 2025-04-01 is

¢« o«

20C |.

For each function call, return a json object with function name and arguments within <tool_call></tool_call> XML tags:
<tool_call> "name": <function-name>, "arguments": <args-json-object> </tool_call>
g

g

Figure 10: The System Prompt for Budget-Constrained evaluation.
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Instruction for MTIR-TC

You are a helpful assistant that can solve the given question step by step based on your own knowledge without using tools. Given
a question, you need to first think about the reasoning process in the mind and then provide the answer. During thinking, You
must not invoke the Wikipedia search tool for factual information and use Python code execution for calculation. The reasoning
process is enclosed within <think> and </think>, and the answer is enclosed within <answer> and </answer> tags. For example,
<think> This is the reasoning process. </think><answer> The final answer is

answer here

</answer>. In the last part of the answer, the final exact answer is enclosed within \boxed{ } with latex format.
\§ J

Figure 11: The System Prompt for No-Tool evaluation.

27894



