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Abstract001

Distilling the tool-using capabilities of large002
language models (LLMs) into smaller, more ef-003
ficient small language models (SLMs) is a key004
challenge for their practical application. The005
predominant approach, supervised fine-tuning006
(SFT), suffers from poor generalization as it007
trains models to imitate a static set of teacher008
trajectories rather than learn a robust methodol-009
ogy. While reinforcement learning (RL) offers010
an alternative, the standard RL methods using011
simple outcome-based reward fail to effectively012
guide SLMs, causing them to struggle with013
inefficient exploration and adopt suboptimal014
strategies. To address these distinct challenges,015
we propose MENTOR, a framework that syn-016
ergistically combines RL with teacher-guided017
distillation. Instead of simple imitation, MEN-018
TOR employs an RL-based process to learn a019
more generalizable policy through exploration.020
In addition, to address insufficient process guid-021
ance, it uses a teacher’s reference trajectory to022
construct a composite teacher-guided reward023
that provides fine-grained guidance. Extensive024
experiments demonstrate that MENTOR signif-025
icantly improves the cross-domain generaliza-026
tion and strategic competence of SLMs com-027
pared to both SFT and standard RL baselines.028

1 Introduction029

The augmentation of large language models030

(LLMs) with external tools, such as code inter-031

preters and retrieval APIs, has enabled them as032

advanced agents capable of handling complex rea-033

soning tasks (Yao et al., 2023; Paranjape et al.,034

2023; Wang et al., 2024b; Singh et al., 2025). How-035

ever, the high inference costs of these large-scale036

models hinder their practical use. This challenge037

has motivated a line of research focused on smaller038

language models (SLMs), with the goal of preserv-039

ing the tool-assisted problem-solving capabilities040

of larger models (Gao et al., 2023; Gou et al., 2024;041

Qiu et al., 2025).042
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Figure 1: Comparative analysis of tool usage rates and
their corresponding performance, as well as tool invoca-
tion patterns between LLMs and SLMs.

Knowledge distillation has been steadily used for 043

transferring such advanced abilities from a larger 044

teacher model to a smaller student model (Ho 045

et al., 2023; Chenglin et al., 2024; Dai et al., 2024b, 046

2025; Song et al., 2025; Liao et al., 2025). These 047

studies primarily employ supervised fine-tuning 048

(SFT), where a student model is trained to repli- 049

cate teacher-generated problem-solving trajecto- 050

ries (Liu et al., 2024; Kang et al., 2025; Lyu et al., 051

2025). However, the reliance of these methods on 052

a static dataset presents a fundamental scalability 053

issue, as it is impossible to generate trajectories 054

for every scenario the model will face (Luo et al., 055

2025b; Sun et al., 2025; Yin et al., 2025). As a 056

result, these models often fail to generalize to new 057

tasks, necessitating more adaptive frameworks for 058

teaching tool use. 059

As an alternative to this imitation-based 060

approach, some studies have explored rein- 061

forcement learning (RL) through iterative self- 062

refinement (Trung et al., 2024; Wu et al., 2025b). 063

To guide the models in learning from their solu- 064

tions, prior works use simple reward signals, such 065

as correctness of the final answer or tool invoca- 066

tion (Yu et al., 2024; Singh et al., 2025; Wu et al., 067

2025a). However, relying on this naive outcome sig- 068
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nal is insufficient for SLMs, as their inefficient use069

of tools often leads them to adopt suboptimal strate-070

gies. As shown in Figure 1, which compares the071

tool-use strategies of a teacher LLM and a student072

SLM, SLMs are less effective at leveraging tools:073

the Teacher utilized tools in 74.8% of samples074

(71.12% accuracy), whereas the Student utilized075

tools in only 59.0% of samples (64.61% accuracy).076

This is linked to suboptimal strategies in SLMs,077

as also evidenced by their distinct tool-invocation078

patterns and tendency to issue invalid tool calls.079

This highlights the importance of fine-grained feed-080

back to guide the agent toward an effective tool-use081

strategy.082

To address these distinct challenges of both SFT-083

based distillation and standard RL, we propose084

a framework that synergistically combines rein-085

forcement learning with teacher-guided distillation.086

We introduce MENTOR (Model ENhancement via087

Teacher-Optimized Rewards), a novel approach de-088

signed to leverage the strengths of each approach.089

By employing an RL-based distillation process,090

our framework moves beyond the simple imita-091

tion of SFT, allowing the student model to learn092

a more generalizable policy through exploration.093

Simultaneously, to address the challenge of insuf-094

ficient process guidance that hinders SLMs, we095

design a teacher-guided reward, which utilizes096

the teacher’s trajectory as a reference to construct a097

composite reward signal. This reference-based re-098

ward provides the fine-grained guidance necessary099

to steer the SLM towards efficient tool-use strate-100

gies and prevent it from converging to suboptimal101

policies. Our code is publicly available1.102

To summarize, our key contributions are:103

• To address the limitations of SFT-based approach,104

we propose MENTOR. Unlike SFT, which of-105

ten leads to superficial imitation, our RL-based106

framework uses exploration to internalize the107

teacher’s tool-use strategy, ensuring the student108

learns a generalizable methodology.109

• To prevent SLMs from adopting suboptimal110

strategies due to non-comprehensive signals, we111

propose a teacher-optimized reward that lever-112

ages the teacher’s trajectory for fine-grained su-113

pervision, ensuring the student internalizes the114

correct methodology.115

• We demonstrate through extensive experiments116

1https://anonymous.4open.science/r/
MENTOR-F6E7/

that MENTOR significantly improves the cross- 117

domain generalization and strategic competence 118

of SLMs compared to both SFT and standard 119

outcome-based RL baselines. 120

2 Related Work 121

2.1 Tool-Augmented Language Models 122

A significant line of research enhances the reason- 123

ing of LLMs by augmenting them with external 124

tools, such as code interpreters and retrieval APIs. 125

The approaches for integrating these tools are di- 126

verse, ranging from prompting-based code genera- 127

tion (Gao et al., 2023; Paranjape et al., 2023; Inaba 128

et al., 2023; Huang et al., 2024) to explicitly train- 129

ing models to invoke tools as part of their reasoning 130

process (Schick et al., 2023; Kong et al., 2023; Qian 131

et al., 2024). Recognizing that effective tool use 132

is an inherently strategic process, recent work has 133

focused on learning optimal tool-invocation pat- 134

terns through RL (Yu et al., 2024; Feng et al., 2025; 135

Qian et al., 2025). The core challenge in training 136

tool-augmented models is maintaining a robust and 137

generalizable tool-use policy across long reasoning 138

trajectories. 139

2.2 Reasoning Distillation through SFT 140

Previous studies have mainly trained student mod- 141

els to clone teacher-generated trajectories as a 142

method for transferring tool-use capabilities to 143

SLMs (Liu et al., 2024; Kang et al., 2025; Lyu 144

et al., 2025). However, SFT-based distillation faces 145

a critical scalability challenge (Sun et al., 2025; 146

Yin et al., 2025), as it is infeasible to curate a static 147

dataset that covers every possible scenario. A key 148

limitation that arises from this data dependency is 149

that models learn to mimic the superficial format 150

of a reasoning trajectory to produce a correct final 151

answer, without internalizing the underlying logi- 152

cal process (Kandpal et al., 2023; Dai et al., 2024a; 153

Li et al., 2025). By contrast, MENTOR employs 154

an RL-based distillation framework, where the 155

teacher’s trajectory is used not for direct imitation, 156

but serves as a reference to guide an exploratory 157

learning process aimed at developing a more gen- 158

eralizable problem-solving method. 159

2.3 Reinforcement Learning and Reward 160

Design 161

Reinforcement learning (RL) (Kaelbling et al., 162

1996) offers a powerful alternative to SFT’s 163

imitation-based learning, as its exploratory nature 164
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Figure 2: Overview of the MENTOR training framework. A problem-solving trajectory (τ ) consists of a sequence of Reasoning
(R), Tool-Use (T), and Observation (O), and a final Answer (A). Each student rollout is evaluated by a set of reward models,
which generate a reward signal by aligning the student’s actions against the teacher’s reference trajectory.

can, in principle, discover more generalizable poli-165

cies. Foundational algorithms like Proximal Pol-166

icy Optimization (PPO) established the paradigm167

of fine-tuning models through policy optimiza-168

tion (Schulman et al., 2017). More recent advance-169

ments, such as Group Relative Policy Optimization170

(GRPO), have adapted this approach for complex171

reasoning tasks, demonstrating its effectiveness in172

fostering robust, self-corrective behaviors (Shao173

et al., 2024).174

Many of these RL approaches have been demon-175

strated on highly capable LLMs for reasoning with176

tool use. Due to their strong intrinsic abilities, these177

models can often discover effective policies even178

when guided by simple outcome rewards, such as179

a binary signal for final answer correctness or suc-180

cessful tool invocation (Yu et al., 2024; Feng et al.,181

2025; Singh et al., 2025; Qian et al., 2025; Wu et al.,182

2025a). However, SLMs are significantly less effi-183

cient explorers (Wei et al., 2022; Xiong et al., 2024).184

With only outcome-based rewards, they struggle to185

link their actions to the final outcome and tend to186

converge to suboptimal policies. To address this,187

our work leverages the teacher’s trajectory to con-188

struct a teacher-guided reward signal, providing189

the fine-grained guidance necessary to steer the190

SLM’s exploration.191

3 MENTOR: Model Enhancement via192

Teacher-Optimized Reward193

In this section, we introduce MENTOR, a frame-194

work that leverages reinforcement learning (RL)195

to distill a tool-calling policy from a large teacher196

model to a smaller student model. The overall pro-197

cess is illustrated in Figure 2. For each input, the198

teacher model first generates a reference reasoning199

trajectory that exemplifies a successful problem-200

solving process. Concurrently, the student model201

generates multiple exploratory rollouts to sample202

different reasoning paths. We then apply the Group 203

Relative Policy Optimization (GRPO) algorithm to 204

refine the student’s policy. By leveraging a teacher- 205

guided reward signal, MENTOR ensures the student 206

internalizes strategic principles rather than merely 207

memorizing steps. We describe this process in the 208

following subsections. 209

3.1 Reference Trajectory Generation 210

First, we use a large teacher model (πteacher) to gen- 211

erate reference reasoning trajectories (τ ). Each tra- 212

jectory consists of a sequence of reasoning (r), tool- 213

use (t), and observation (o) steps. We use a training 214

dataset D = {(xi, yi)}Ni=1, where xi represents a 215

question and yi is its corresponding ground-truth 216

answer. For each question x, the teacher model gen- 217

erates a final answer ŷ and a reasoning trajectory τ 218

using an instruction prompt (I) as follows: 219

O(t) = (τ (t), ŷ(t)) ∼ πteacher(·|x, I),where (1) 220

221
τ (t) = ⟨(r1, t1, o1), . . . , (rLτ , tLτ , oLτ )⟩. (2) 222

3.2 Adapting GRPO for Reasoning 223

Distillation 224

We adapt the GRPO algorithm to distill the 225

teacher’s problem-solving methodology by config- 226

uring the teacher’s successful trajectory as a high- 227

reward target. This reward-driven setup trains the 228

student to internalize the teacher’s strategic tool- 229

use policy, rather than merely imitating a fixed 230

sequence of actions. This process is detailed in 231

Algorithm 1. 232

Generating Rollouts For each question xi in our 233

training set, we perform two simultaneous genera- 234

tion steps. First, we retrieve the corresponding ref- 235

erence trajectory, (τ (t), ŷ(t)), which was generated 236

by the teacher model as described in subsection 3.1. 237

Then, we use the current student model (πold) to 238
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JGRPO(θ) = E
xi∼D, {O(s)

j }Gj=1∼πold(·|xi)

[
1
G

∑G
j=1

(∑|τ(s)
j |

k=1 I(τj,k)
)−1

∑|τ(s)
j |

k=1 min
(

πθ(τj,k|τj,<k,xi)

πold(τj,k|τj,<k,xi)
Âj,k, clip(

πθ(τj,k|τj,<k,xi)

πold(τj,k|τj,<k,xi)
, 1− ϵ, 1 + ϵ)Âj,k

)
· I(τj,k)− βDKL[πθ||πref ]

] (3)

Algorithm 1 Training with GRPO
Require: Student model πθ , old student model πold, Teacher model πteacher,

task dataset D, group size G, indicator function I
1: for each training iteration do
2: for each question xi do
3: Generate reference trajectory O(t) from πteacher

4: Sample G rollouts {O(s)
1 , . . . , O

(s)
G } from πold

5: for each rollout O(s)
j do

6: Compute outcome rewards R(O
(s)
j , O(t)))

7: end for
8: Compute groupwise advantages Âj,k for all O(s)

j

9: Apply indicator I to mask tool output tokens
10: Compute GRPO loss LGRPO and update πstudent
11: end for
12: end for

generate a group of G rollouts. This step is crucial239

as it allows the student to explore diverse reasoning240

paths and tool-use strategies for the same problem,241

providing the varied data needed for the GRPO242

comparison.243

Student Policy Optimization The core idea of244

our proposed method is to update a policy by align-245

ing a high-quality reference against a group of sam-246

pled candidates. We optimize the tool-use policy of247

the student model based on the reference trajectory248

generated by the teacher. We optimize the student249

model by maximizing the objective function as250

shown in Equation 3, where ϵ and β are hyperpa-251

rameters for clipping and KL regularization, respec-252

tively. The advantage, Âj,k, is computed from the253

relative rewards within the sample group. The refer-254

ence policy πref used for KL regularization is the255

initial student model before RL training. I(τj,k) is256

an indicator function used for loss masking, which257

equals 1 if τj,k is an LLM-generated token, and 0258

otherwise.259

3.3 Teacher-Guided Reward Design260

The central challenge of our work lies in the re-261

ward design: how to distill a generalizable problem-262

solving methodology, rather than merely rewarding263

correct answers. An outcome-based reward is in-264

sufficient because it lacks the granular supervision265

needed to guide the student through the teacher’s266

strategic problem-solving process. To address this,267

we provide a more fine-grained signal that also268

evaluates the reasoning process itself by design-269

ing a composite reward mechanism with three key270

components. The total reward for a given student 271

output, R(O(s), O(t)), is defined as: 272

R(O(s), O(t)) = wcRc + waRa + wvRv, (4) 273

where wc, wa, and wv are hyperparameters that 274

balance the contribution of each reward component. 275

Correctness Reward This component evaluates 276

whether the final answer derived by the student 277

model (ŷ(s)) is consistent with the result produced 278

by the teacher model (ŷ(t)). This provides a direct 279

signal indicating if the student’s overall reasoning 280

process concludes with the same outcome as the 281

teacher’s successful demonstration. For our train- 282

ing, we only use reference trajectories where the 283

teacher’s answer matches the ground truth (y). The 284

reward is defined as: 285

Rc =

1 if ŷ(s) = ŷ(t)

0 otherwise
(5) 286

Teacher-Alignment Reward To provide an in- 287

termediate signal that guides the student towards 288

the teacher’s problem-solving strategy, we intro- 289

duce this reward. This component encourages the 290

student to select the same set of tools as the teacher, 291

which is a crucial aspect of learning the overall 292

methodology. The reward is assigned only if the set 293

of tool calls made in the student’s trajectory, τ (s), 294

is identical to the set of tool calls in the teacher’s 295

trajectory, τ (t). This is defined as: 296

Ra =

{
1 if {t(s)1 , . . . , t

(s)
L } = {t(t)1 , . . . , t

(t)
L }

0 otherwise
(6) 297

, where each t
(s)
i in {t(s)1 , . . . , t

(s)
L } are from τ (s), 298

and each t
(t)
i in {t(t)1 , . . . , t

(t)
L } are from τ (t). 299

Tool Validation Reward A primary inefficiency 300

we observed (in Figure 1) was the student model’s 301

tendency to generate invalid tool calls. These ac- 302

tions, which result in execution errors from the 303

tool interpreter, immediately derail the reasoning 304

process and are a significant source of suboptimal 305

performance for the SLM. To directly penalize this 306

behavior and guide the student towards the valid, 307

error-free trajectories demonstrated by the teacher, 308
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we introduce the tool validation reward. This bi-309

nary reward is 1 only if every tool call within the310

student’s trajectory, τstudent, executes successfully311

without raising an error:312

Rv =

{
1 ∀o(s)i ∈ τ (s) is valid
0 otherwise

(7)313

4 Experiments and Results314

4.1 Experimental Setup315

Training Domain Selection We strategically se-316

lect mathematical reasoning as the primary train-317

ing domain to enable the model to explore various318

problem-solving approaches. Its inherent difficulty319

gradient drives robust exploration beyond simple320

policies, mitigating the risk of suboptimal conver-321

gence (Zhou et al., 2023; Wang et al., 2024a; Chen322

et al., 2025b; Luo et al., 2025a). This choice is323

also supported by prior work showing that mathe-324

matical ability is a transferable skill that provides325

a strong foundation for generalizable problem-326

solving (Wang et al., 2025; Huang et al., 2025). We327

use the AceReason-Math dataset for training (Chen328

et al., 2025b). Details of our training dataset are329

provided in Appendix A.1.330

Models and Tools Our teacher model is Qwen3-331

235B-Thinking, chosen for its strong tool-use ca-332

pabilities. We use four student models to evaluate333

our method across different scales: Qwen3 (8B and334

1.7B) and Qwen2.5 (7B and 1.5B). To augment335

the models with tool-use capability, we implement336

a sandbox for running Python code on a remote337

server. Our implementation code is publicly avail-338

able. The details of the model versions and tools339

are in Appendix A.2 and Appendix C, respectively.340

Baselines To evaluate our proposed framework,341

we compare MENTOR against three distinct base-342

lines that represent different training approaches.343

1) Vanilla SLM: The base instruction-tuned model344

without any further training. This serves as a lower345

bound for performance. 2) SFT: This baseline rep-346

resents the predominant distillation method, where347

the SLM is fine-tuned on expert-generated trajec-348

tories using supervised fine-tuning. 3) Standard349

RL: To isolate the benefit of our teacher-guided350

reward design, we include a Standard RL method351

as a baseline. This agent is trained using the same352

RL framework as our method, but with a simple353

reward signal (Rc) based only on the final outcome.354

Task Type Dataset Name Description Size

Math
Reasoning

Math-Forge-Hard College 500
Omni-MATH-512 (Gao et al., 2024) Olympiad 512
AIME24 (AI-MO, 2024) Olympiad 30
AIME25 Olympiad 30
amc23 (AMC, 2023) Olympiad 40
minervamath (Lewkowycz et al., 2022) College 272

Tool-Calling BFCL v4 (Patil et al., 2025) Tool-call 5088

Factual
Reasoning

HotPotQA (Yang et al., 2018) 2-hop QA 2000
2WikiMultiHopQA (Ho et al., 2020) 2-hop QA 2000
Bamboogle (Press et al., 2023) 2-hop QA 125

Table 1: Benchmarks categorized by in-domain (Math-
ematical Reasoning) and out-of-domain (Tool-Calling
and Factual Reasoning) tasks and their test data size.

Benchmarks We evaluate our framework on a set 355

of in-domain and out-of-domain tasks, detailed in 356

Table 1, to measure both task-specific performance 357

and generalization ability. For In-Domain Tasks, 358

our agent is trained and evaluated on a collection 359

of mathematical reasoning benchmarks that pro- 360

vide a natural gradient of difficulty. This includes 361

the widely-used MATH dataset (Hendrycks et al., 362

2021), the tool-centric Omni-MATH-512 (Gao 363

et al., 2024), and several Olympiad-level datasets 364

such as AIME24, AIME25, amc23, and minerva- 365

math. For Out-of-Domain Tasks, we evaluate the 366

trained agent on tasks requiring tools unseen dur- 367

ing training to assess zero-shot generalization. To 368

test retrieval-based QA, we reframe multi-hop QA 369

datasets (HotpotQA (Yang et al., 2018), 2WikiMul- 370

tiHopQA (Ho et al., 2020), Bamboogle (Press et al., 371

2023)) as a tool-use problem where the agent is pro- 372

vided with a search(query) tool and must learn to 373

call it effectively. To test broader capabilities, we 374

also use the general Tool-Calling benchmark BFCL 375

v4 (Patil et al., 2025), which involves a diverse set 376

of novel tools. We provide details in Appendix A.3. 377

Evaluation Metrics We evaluate the perfor- 378

mance on all tasks using Exact Match (EM). To 379

measure the accuracy (Acc), we consider a predic- 380

tion to be correct only if it exactly matches one of 381

the ground-truth answers after normalization. We 382

also quantify policy alignment using an alignment 383

score (AS) based on the Jensen-Shannon diver- 384

gence. This score measures the divergence between 385

a model’s tool usage distribution and the teacher’s 386

reference distribution from Figure 1. Further details 387

are in Appendix A.4. 388

Implementation Details The reinforcement 389

learning framework is built on verl (Sheng et al., 390

2024). The agent is trained for two epochs on the 391

combined training splits of our training dataset. We 392

employ LoRA (Hu et al., 2021) for supervised fine- 393
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Model Method Math (Acc)

Math-Forge Omni-MATH aime24 aime25 amc23 minervamath Overall

Qwen 3 235B-Vanilla 68.00 26.00 46.67 40.00 85.00 46.69 52.06

Qwen 2.5

1.5B-Vanilla 5.18 (±0.11) 1.23 (±0.18) 0.00 (±0.00) 0.00 (±0.00) 2.50 (±2.04) 1.29 (±0.56) 1.70
1.5B-SFT 5.79 (±0.09) 1.62 (±0.23) 1.00 (±2.25) 1.33 (±1.72) 5.75 (±2.90) 3.53 (±0.43) 3.17
1.5B-Standard RL 18.38 (±0.09) 3.46 (±0.18) 2.67 (±3.06) 3.00 (±2.92) 8.50* (±2.93) 4.12 (±0.34) 6.69
1.5B-MENTOR 18.84* (±0.13) 5.64* (±0.28) 10.00* (±3.52) 6.67* (±2.72) 9.75* (±2.49) 8.42* (±0.44) 9.89

7B-Vanilla 36.87 (±1.04) 8.60 (±1.28) 6.66 (±2.22) 5.33* (±2.81) 44.00 (±3.16) 26.48 (±0.96) 21.32
7B-SFT 37.64 (±1.25) 11.14 (±1.99) 9.40* (±2.65) 7.33* (±3.44) 43.00 (±4.53) 26.38 (±2.64) 22.48
7B-Standard RL 50.25 (±1.32) 12.94 (±1.21) 12.00* (±3.58) 6.66* (±2.22) 45.50 (±3.07) 29.40 (±1.70) 26.13
7B-MENTOR 55.42* (±1.96) 14.72* (±2.21) 12.33* (±3.52) 7.33* (±2.63) 50.10* (±2.70) 31.86* (±1.71) 28.63

Qwen 3

1.7B-Vanilla 58.70 (±0.11) 16.28 (±0.21) 25.36 (±2.32) 13.01 (±2.44) 58.00 (±4.22) 28.85 (±0.47) 33.37
1.7B-SFT 59.99 (±0.12) 16.65 (±0.21) 31.00 (±2.25) 16.02 (±2.10) 63.75 (±3.17) 30.60 (±0.52) 36.34
1.7B-Standard RL 60.18 (±0.07) 17.78 (±0.28) 34.34 (±3.13) 20.00 (±2.22) 67.75 (±2.75) 31.67 (±0.48) 38.62
1.7B-MENTOR 60.66* (±0.11) 20.74* (±0.22) 36.67* (±2.50) 24.00* (±4.08) 71.00* (±3.94) 32.30* (±0.38) 40.90

8B-Vanilla 65.00 (±0.12) 19.46 (±0.24) 29.32 (±2.64) 20.65 (±3.44) 57.75 (±2.49) 42.55 (±0.58) 39.12
8B-SFT 65.35 (±0.07) 20.45 (±0.21) 31.65 (±3.23) 25.65 (±4.17) 62.50 (±2.89) 43.22 (±0.31) 41.47
8B-Standard RL 65.48 (±0.04) 22.03 (±0.26) 35.33 (±3.22) 30.33 (±3.99) 75.50 (±2.58) 43.49 (±0.25) 45.19
8B-MENTOR 66.50* (±0.11) 24.10* (±0.25) 39.00* (±3.53) 37.00* (±3.31) 79.00* (±2.69) 43.94* (±0.44) 48.26

Model Method BFCL-v4 (Acc) RAG (EM)

Non-Live Multi-Turn Live Agentic Overall Bamboogle 2WikiMultiHopQA HotpotQA Overall

Qwen 3 235B-Vanilla 87.62 51.88 82.68 18.83 50.13 41.60 42.50 34.60 39.57

Qwen 2.5

1.5B-Vanilla 68.88 (±1.15) 1.09 (±0.34) 58.99 (±0.54) 2.21 (±0.44) 24.00 0.30 (±0.31) 3.20 (±0.55) 1.47 (±0.60) 1.66
1.5B-SFT 69.96 (±1.20) 1.58 (±0.42) 60.72 (±0.36) 2.65 (±0.29) 24.59 0.85 (±0.53) 3.91 (±0.47) 2.52 (±0.57) 2.43
1.5B-Standard RL 71.38 (±0.63) 1.98 (±0.50) 61.46 (±0.45) 3.09 (±0.39) 25.12 6.80 (±0.49) 10.19 (±0.41) 5.79 (±0.66) 7.59
1.5B-MENTOR 72.66* (±0.62) 2.35* (±0.41) 62.03* (±0.39) 3.83* (±0.40) 25.70 7.36* (±0.55) 11.31* (±0.54) 6.50* (±0.40) 8.39

7B-Vanilla 72.04 (±0.33) 3.90 (±1.43) 63.78 (±0.91) 4.09 (±1.86) 26.38 14.88 (±2.48) 14.20 (±0.58) 13.08 (±1.00) 14.05
7B-SFT 72.05 (±0.32) 4,02 (±1.08) 63.79 (±0.79) 4.27 (±1.76) 26.50 16.48 (±1.74) 13.87 (±0.53) 13.36 (±0.70) 14.57
7B-Standard RL 82.13 (±0.09) 14.14* (±1.69) 72.22 (±0.30) 8.15 (±1.15) 32.94 22.04 (±1.06) 17.57 (±0.55) 17.07 (±0.65) 18.89
7B-MENTOR 82.35* (±0.21) 14.27* (±1.74) 72.81* (±0.43) 9.30* (±1.34) 33.52 23.56* (±1.24) 19.39* (±0.40) 19.24* (±0.56) 20.73

Qwen 3

1.7B-Vanilla 80.89 (±0.70) 10.47 (±0.52) 69.90 (±0.22) 3.98 (±0.30) 29.81 14.61 (±0.53) 18.87 (±0.31) 16.11 (±0.36) 16.53
1.7B-SFT 81.55 (±0.50) 10.45 (±0.46) 70.36 (±0.41) 4.51 (±0.39) 30.13 15.95 (±0.54) 19.69 (±0.51) 17.00 (±0.43) 17.45
1.7B-Standard RL 83.00 (±0.31) 11.50 (±0.38) 70.77 (±0.31) 4.73 (±0.46) 30.65 16.83 (±0.55) 20.36 (±0.53) 17.35 (±0.29) 18.18
1.7B-MENTOR 82.76* (±0.35) 12.02* (±0.46) 71.05* (±0.34) 5.52* (±0.60) 31.20 18.28* (±0.55) 21.37* (±0.60) 18.03* (±0.48) 19.23

8B-Vanilla 87.28 (±0.49) 35.51 (±0.47) 80.16 (±0.29) 9.89 (±0.33) 41.35 32.13 (±0.64) 35.88 (±0.61) 27.47 (±0.61) 31.83
8B-SFT 87.91 (±0.48) 36.92 (±0.60) 80.59 (±0.33) 10.58 (±0.44) 42.16 34.65 (±0.31) 37.18 (±0.36) 30.59 (±0.44) 34.14
8B-Standard RL 88.37 (±0.37) 38.06 (±0.29) 81.10 (±0.37) 11.03 (±0.34) 42.78 35.18 (±0.36) 37.95 (±0.30) 31.30 (±0.31) 34.81
8B-MENTOR 89.41* (±0.56) 38.77* (±0.60) 81.96* (±0.52) 11.57* (±0.42) 43.39 35.77* (±0.36) 38.86* (±0.56) 31.68* (±0.36) 35.44

Table 2: Main results comparing MENTOR against baselines across all evaluation benchmarks. The top table shows in-domain
accuracy (%) on mathematical reasoning tasks. The bottom table shows out-of-domain performance on BFCL-v4 (accuracy
%) and RAG (exact match %). Results are reported as mean (± standard deviation) over 10 runs. Overall scores are calculated
differently: as a macro-average for MATH and RAG, and as an official weighted average for BFCL-v4. Values marked with an
asterisk (*) denote statistical significance, determined by the Bonferroni pairwise test at a significance level of α < 0.05.

tuning the student SLMs. For each model, we used394

the recommended sampling parameters from its of-395

ficial repository. The ‘search’ tool provided to the396

agent for the retrieval-based QA tasks is powered397

by a retrieval environment based on FlashRAG (Jin398

et al., 2025), using E5-base-v2 (Wang et al., 2022)399

as the retriever and the Dec. 2018 Wikipedia snap-400

shot (Karpukhin et al., 2020) as the knowledge base.401

For retrieval-based tasks, we retrieve the top-5 re-402

sults for each query. We provide further details on403

hyperparameters in Appendix A.5 and on prompts404

in Appendix B.405

4.2 Experimental Results406

The main results, presented in Table 2, demonstrate407

that our proposed framework, MENTOR, signifi-408

cantly outperforms the baselines.409

Distillation Enables Effective Tool Use. On in-410

domain tasks, both SFT and our RL-based dis-411

tillation clearly enable more effective tool use,412

leading to significant performance gains over the413

vanilla baselines. This confirms that transferring414

the teacher’s tool-calling ability is a broadly suc-415

cessful strategy for improving SLM performance.416

RL-Based Distillation Achieves General Perfor- 417

mance. On out-of-domain (OOD) benchmarks, 418

the SFT baseline often shows minimal improve- 419

ment or even performance degradation on OOD 420

tasks, which we attribute to its tendency to overfit 421

on the training domain. By contrast, RL-based ap- 422

proaches consistently yield significant performance 423

gains in the OOD setting. This highlights the effec- 424

tiveness of the RL-based distillation framework in 425

instilling a more robust and generalizable problem- 426

solving methodology, rather than merely encourag- 427

ing the memorization of the teacher’s trajectories. 428

For a more detailed analysis, the following section 429

focuses on the performance of the Qwen2.5-7B 430

model. 431

5 Analysis 432

5.1 Impact of RL-Based Distillation 433

RL Drives Effective Transfer. To evaluate how 434

efficiently each model learns the teacher’s strat- 435

egy, we analyze the alignment of its tool-use policy 436

with the teacher’s patterns. As shown in Figure 3, 437

there is a clear correlation between model perfor- 438

mance and alignment score (AS). The SFT model 439

clearly demonstrates imitation failure by learning a 440
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Figure 4: Comparison of tool invocation patterns between
student models and the teacher. Each bar represents the per-
centage point difference in invocation frequency for a specific
tool between the student model and the teacher.

policy that is the least similar to the teacher’s, con-441

firming that it relies on superficial shortcuts rather442

than the intended methodology. In contrast, the443

RL-based methods achieve significantly higher per-444

formance and alignment with the teacher’s policy.445

Notably, MENTOR achieves the highest accuracy446

while learning a tool-use policy most similar to the447

expert teacher’s. This suggests that our RL-based448

distillation is the most effective method for trans-449

ferring the efficient tool-use strategy.450

RL Distillation Drives Policy Alignment. To451

evaluate the strategic alignment of each model with452

the teacher, Figure 4 compares their respective tool453

invocation patterns to the teacher’s reference pol-454

icy, which is shown as the LLM’s tool usage in455

Figure 1. The baseline models, Vanilla and SFT,456

exhibit significant deviations from the teacher’s457

patterns, indicating that they learn a divergent and458

suboptimal tool-use policy. By contrast, the RL-459

based methods, such as standard RL and MENTOR,460

demonstrate a much closer alignment, with mini-461

mal differences across most tools. This provides462

strong visual evidence that our RL-based distil-463

lation is highly effective at teaching the SLM to464

internalize the teacher’s strategic methodology.465

RL Enables Efficient Tool Use. Figure 5 shows466

the tool-use efficiency of each model by plotting467

the distribution of tool calls per question for both468

in-domain and out-of-domain tasks. While the469
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Figure 5: Tool-use efficiency on in-domain and out-of-
domain tasks, measured by the distribution of tool calls per
sample.

Teacher model is highly efficient, the Vanilla and 470

SFT baselines tend to use tools inefficiently, evi- 471

denced by their wide distributions and numerous 472

outliers. In contrast, our RL-based approach ef- 473

fectively transfers the teacher’s efficient strategy, 474

maintaining a low and stable number of tool calls. 475

It suggests that the RL-based approach successfully 476

transfers the teacher’s tool-use efficiency and that 477

this skill generalizes to out-of-domain tasks. 478

5.2 Impact of Teacher-Guided Reward 479

Reward Setting Math BFCL RAG AS

(1) Rc (Standard RL) 26.13 30.88 18.05 82.65
(2) Rc + Rv 27.80 30.96 8.35 80.94
(3) Rc + RTool format 26.61 28.95 7.83 79.73
(4) Rc + RTool format + Rv 26.76 30.60 9.42 83.54
(5) Rc + Rstrict

a + Rv 26.88 30.85 18.05 85.25
(6) Rc + Ra + Rv (Ours) 27.88 31.38 21.23 88.79

Table 3: Ablation study of the reward components. Perfor-
mance is measured by the overall score on the Math, BFCL,
and RAG benchmarks. AS represents the alignment score.

Ablation of Rewards We conduct an ablation 480

study to isolate the contribution of each reward 481

component by testing five distinct settings. The re- 482

sults are shown in Table 3. Specifically, Setting (1) 483

serves the standard RL baseline, using only a re- 484

ward for final answer correctness (Ra). Setting (2) 485

introduces a tool validation reward (Rv) to penalize 486

execution erros and invalid calls. Setting (3) adds a 487

reward for the correct tool format, a strict structural 488

constraint used in prior works (Qian et al., 2025). 489

Setting (4) adds the validation reward to Setting 490

(2). Setting (5) utilizes a strict alignment reward 491

(Rstrict
a ) to enforce strict sequential alignment with 492

the teacher’s trajectory. Setting (6) is MENTOR, 493

which combines all rewards for the teacher-guided 494
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Figure 6: Invalid tool call rate over training steps

reward, employing a set-based alignment. The re-495

sults show that our comprehensive reward design496

(Setting 6) is the best performer, achieving the high-497

est scores across all task benchmarks and in policy498

alignment.499

Referencing Teacher’s Trajectory Drives Per-500

formance. The results (Table 3) demonstrate a501

strong positive correlation (Pearson’s r = 0.87)502

between average performance and the alignment503

score (AS), indicating that the student’s success504

depends on how closely it references the teacher’s505

methodology. Notably, Settings 4, 5, and 6, which506

incorporate the teacher’s trajectory as a reference507

standard for reward calculation, achieve the highest508

alignment scores. This confirms that performance509

is enhanced by actively guiding the student to ref-510

erence and adopt the teacher’s tool-use patterns.511

Flexible Guidance Achieves Better Alignment512

than Strict Constraints. Our ablation study fur-513

ther reveals that the method of enforcing alignment514

is critical. We compare our flexible, set-based align-515

ment reward (Setting 6) against a strict, sequence-516

based exact-match reward (Setting 5). The results517

(Table 3) demonstrate that strict sequence con-518

straints are less effective than flexible guidance,519

as the latter achieves a higher Alignment Score and520

superior downstream performance. This indicates521

that strict constraints are excessively restrictive,522

punishing valid variations and hindering learning.523

In contrast, flexible guidance focuses on the strate-524

gic selection of tools, enabling the student to inter-525

nalize the teacher’s methodology more effectively526

and achieve more robust alignment.527

Validation Reward Reduces Invocation Errors.528

To demonstrate the effectiveness of our reward de-529

sign in addressing tool invocation errors, Figure 6530

presents the invalid tool call rate during training for531

each of the five reward settings from our ablation532

study. The results show that the choice of reward533

components leads to distinct learning behaviors.534

Settings that lack the tool validation reward (Rv),535
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Figure 7: Tool usage rate over training steps

such as Settings 1 and 3, fail to effectively reduce 536

their error rates, which remain high and unstable 537

throughout training. In contrast, settings that in- 538

clude the tool validation reward (Settings 2, 4, 5, 539

and 6) learn to avoid invalid calls, with their error 540

rates dropping rapidly to near-zero. This suggests 541

that directly penalizing invalid calls with Rv is a 542

highly effective strategy for training a more reliable 543

agent. 544

Teacher-Guided Rewards Foster Robust Tool 545

Adoption. Figure 7 illustrates the impact of re- 546

ward components on the model’s tendency to uti- 547

lize tools. Without the guidance of the teacher’s 548

trajectory (Settings 1 and 2), the student fails to 549

recognize the value of tools and drifts toward a sub- 550

optimal tool-avoidant strategy. Conversely, incor- 551

porating teacher alignment (Settings 3-6) actively 552

encourages tool adoption. Crucially, while strict 553

constraints (Setting 5) drive immediate but rigid us- 554

age, MENTOR (Setting 6) demonstrates a steadier 555

learning curve that converges to high usage. This 556

indicates that the student is not merely memorizing 557

a simple heuristic to “use tools”, but is internaliz- 558

ing the teacher’s strategy, learning to deploy tools 559

deliberately to solve complex problems. 560

6 Conclusion 561

To address the poor generalization of SFT and the 562

inefficiency of simple outcome-reward RL in dis- 563

tilling tool-use into SLMs, we introduce MENTOR, 564

a framework that combines reinforcement learning 565

with a composite, teacher-guided reward. Exten- 566

sive experiments demonstrate that MENTOR signif- 567

icantly improves cross-domain generalization by 568

learning a policy that achieves both closer align- 569

ment with the teacher’s strategy and superior tool- 570

use efficiency compared to baselines. Our ablation 571

studies confirm that the synergistic combination of 572

each component in our composite reward design is 573

crucial for achieving this robust performance. 574

8



Limitations575

While this study offers valuable insights, it is essen-576

tial to acknowledge that several open challenges577

remain.578

Extending to Other Models Our current frame-579

work focuses on the Qwen model series (Qwen2.5580

and Qwen3), a choice guided by the design of our581

RL-based approach. Our method is intended to re-582

fine and generalize an existing tool-use policy and583

thus performs best when the student model has584

some initial ability. A key open challenge is adapt-585

ing this framework to models that completely lack586

this initial ability, as the exploratory feedback from587

RL alone may be insufficient for them to learn ef-588

fectively. A promising direction for future work589

is to explore a two-stage, SFT-then-RL training590

pipeline. Such an approach could first use an SFT591

phase to instill a baseline policy before our RL-592

based refinement is applied, thereby extending the593

applicability of our method to a broader range of594

models.595

Extending to Real-World Environments Our596

current work operates within a sandbox environ-597

ment where tools are invoked via executable code.598

A significant avenue for future research is to599

extend our framework to operate in more com-600

plex, tool-augmented environments, such as web601

browsers, simulators, or desktop interfaces. In par-602

ticular, integration with the Model Context Protocol603

(MCP) (Anthropic, 2024)—which utilizes servers604

that can respond to various scenarios—could sig-605

nificantly enhance the capabilities of small agents606

across a diverse range of real-world tasks. This607

represents an important direction for future work.608

Ethical Statements609

This work contributes to the development of effi-610

cient and capable artificial intelligence. By success-611

fully distilling the complex tool-use capabilities of612

large language models (LLMs) into smaller, more613

efficient small language models (SLMs), MENTOR614

accelerates the creation of functional, on-device615

AI. This capability enables local deployment, re-616

ducing reliance on expensive cloud infrastructure617

and improving user privacy for agents that perform618

complex tasks, such as mathematical reasoning and619

information retrieval from external sources (includ-620

ing the web).621

However, the enhanced strategic competence and622

tool-augmented abilities conferred by MENTOR623

also introduce potential risks. Since our distilled 624

agents are capable of autonomous reasoning, web 625

retrieval, and code execution, they could be suscep- 626

tible to misuse. Potential malicious behaviors in- 627

clude the automated generation of harmful scripts, 628

the execution of unauthorized actions, or the spread 629

of misinformation via tool-based retrieval. To en- 630

sure responsible deployment, the integration of ro- 631

bust safeguards is essential. We emphasize that 632

addressing these ethical and safety concerns is an 633

important direction for future research and respon- 634

sible development in the field of small language 635

agents. 636
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A Details for Experimental Setup979

A.1 Training Dataset Details980

To train our models for effective tool use, we con-981

struct a high-quality dataset of reference trajecto-982

ries, as described in Section 3.1. To this end, we use983

the nvidia/AceReason-Math2 (Chen et al., 2025b)984

dataset as our source, leveraging its verified ques-985

tions and ground-truth answers to ensure reliability.986

The construction process involves providing987

these questions to our teacher model, Qwen3-235B,988

which generated solution trajectories using a cal-989

culator tool. We then filter these outputs, retain-990

ing only the successful trajectories where the991

teacher’s final answer matched the ground-truth992

from the source dataset. This verification process993

yields a final training set of 1.27k single- and multi-994

turn trajectories that exemplify successful tool use.995

A.2 Versions of Models996

We employ Qwen3-235B-Thinking (Qwen3, 2025)997

as the teacher model and four student models from998

both Qwen3 (Qwen3, 2025) and Qwen2.5 (Yang999

et al., 2024) families. The specific model versions1000

and their Hugging Face identifiers are listed in Ta-1001

ble 4.1002

Role Model Hugging Face Identifier

Teacher Qwen3-235B-Thinking Qwen/Qwen3-235B-A22B-
Thinking-2507-FP8

Student

Qwen2.5-1.5B-Instruct Qwen/Qwen2.5-1.5B
-Instruct

Qwen2.5-7B-Instruct Qwen/Qwen2.5-7B
-Instruct

Qwen3-1.7B Qwen/Qwen3-1.7B
Qwen3-8B Qwen/Qwen3-8B

Table 4: Model versions used in experiments

A.3 Benchmarks1003

We use the MATH3, Omni-MATH-5124, AIME245,1004

AIME256, amc237, and minervamath8 datasets. All1005

datasets are publicly available for research use.1006

2https://hf.co/datasets/nvidia/AceReason-Math
3https://hf.co/datasets/prithivMLmods/

Math-Forge-Hard
4https://hf.co/datasets/Heng1999/

Omni-MATH-512
5https://hf.co/datasets/math-ai/aime24
6https://hf.co/datasets/math-ai/aime25
7https://hf.co/datasets/math-ai/amc23
8https://hf.co/datasets/math-ai/minervamath

A.4 Teacher-Student Alignment Metric 1007

To quantify alignment in tool usage patterns, we 1008

compare the distributions of tool calls across the 1009

12 available tools, which are defined in Table 11. 1010

Given the teacher’s tool distribution P and a stu- 1011

dent’s distribution Q, we use an alignment score 1012

based on the Jensen-Shannon Divergence (JSD), 1013

defined as: 1014

Alignment(P,Q) = 1− JSD(P,Q)

where JSD(P,Q) =

√
1

2
DKL(P∥M) +

1

2
DKL(Q∥M)

and M =
1

2
(P +Q)

(8) 1015

The score is bounded between 0 and 1, where 1 sig- 1016

nifies a perfect match. DKL denotes the Kullback- 1017

Leibler divergence. 1018

A.5 Hyperparameters for Training and 1019

Inference 1020

Our training is conducted on 1 × 8 Nvidia H100 1021

80G GPUs, with full parameter optimization and 1022

gradient checkpointing. We provide some impor- 1023

tant parameter settings in Tables 5 and 6. 1024

Parameter Value

Learning Rate 1e-6
Optimizer AdamW
Epochs 2
Train Batch Size 16
Mini-batch Size 8
Max Sequence Length 32768
Max Response Length 8192
Number of Rollout 10
Tensor Model Parallel Size 2
Rollout Temperature (Qwen3) 0.6
Rollout Temperature (Qwen2.5) 0.7
GPU Utilization Ratio 0.8
KL Loss Coefficient 0.001
Clip Ratio 0.2
Reward Weights (wc, wa, wv) 0.7, 0.3, 0.1

Table 5: Implementation details of MENTOR.

Parameter Value

Learning Rate 1e-7
Optimizer AdamW
Epochs 1
Train Batch Size 4
Gradient Accumulation Steps 16
Weight decay 0.033
Gradient Accum 8

Table 6: Implementation details of SFT.

B Details of Instruction Prompts 1025

We utilize prompts for both reference trajectory 1026

generation and model evaluation. The specific 1027
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prompt for reference trajectory generation is shown1028

in Table 8. For evaluation, we assess the robustness1029

of MENTOR and the baseline models using prompts1030

tailored to each of the three domains. All evalua-1031

tion prompts for the Qwen2.5 and Qwen3 models1032

are created by adapting the official chat templates1033

provided with each model’s tokenizer. The prompts1034

are shown in Tables 7, 8, 9, and 10. The in-1035

struction prompts used for evaluating the BFCL-v41036

benchmark directly follow the format and content1037

specified on the official benchmark website 9, en-1038

suring consistency with prior work 10.1039

C Tool Execution via Remote Server1040

All tools described in Tables 11, and 12 are imple-1041

mented as executable Python code. For tool exe-1042

cution, we use a FastAPI-based remote execution1043

server, following the base architecture of the ReCall1044

framework (Chen et al., 2025a). Our implementa-1045

tion code is publicly available11.1046

When an agent invokes a tool, the system sends1047

the tool’s Python code to the remote server via1048

HTTP API. The server executes the code in a pre-1049

configured environment with necessary libraries1050

installed and returns the result.1051

9https://gorilla.cs.berkeley.edu/blogs/15_
bfcl_v4_web_search.html

10https://github.com/ShishirPatil/gorilla/tree/
main/berkeley-function-call-leaderboard

11https://anonymous.4open.science/r/
MENTOR-F6E7/
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Prompt for Qwen2.5 + MATH

SYSTEM:

system
You are Qwen , created by Alibaba Cloud. You are a helpful assistant.

# Tools

You may call one or more functions to assist with the user query.

You are provided with function signatures within <tools ></tools > XML
tags:

<tools >
{"type": "function", "function ": {"name": "add", ...}}
{"type": "function", "function ": {"name": "subtract", ...}}
{"type": "function", "function ": {"name": "multiply", ...}}
...
{"type": "function", "function ": {"name": "modulo", ...}}
</tools >

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 >

USER:

Question: Cities $A$ and $B$ are $45$ miles apart. Alicia lives in $A$
and Beth lives in $B$. Alicia bikes towards $B$ at 18 miles per

hour. Leaving at the same time , Beth bikes toward $A$ at 12 miles
per hour. How many miles from City $A$ will they be when they meet
?

If you have got the answer , enclose it within \boxed{} with latex
format.

Table 7: Prompt for Qwen2.5 + MATH
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Prompt for Qwen3 + MATH

SYSTEM:

system
# Tools

You may call one or more functions to assist with the user query.

You are provided with function signatures within <tools ></tools > XML
tags:

<tools >
{"type": "function", "function ": {"name": "add", ...}}
{"type": "function", "function ": {"name": "subtract", ...}}
{"type": "function", "function ": {"name": "multiply", ...}}
...
{"type": "function", "function ": {"name": "modulo", ...}}
</tools >

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 >

USER:

Question: Cities $A$ and $B$ are $45$ miles apart. Alicia lives in $A$
and Beth lives in $B$. Alicia bikes towards $B$ at 18 miles per

hour. Leaving at the same time , Beth bikes toward $A$ at 12 miles
per hour. How many miles from City $A$ will they be when they meet
?

If you have got the answer , enclose it within \boxed{} with latex
format.

Table 8: Prompt for Qwen3 + MATH
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Prompt for Qwen2.5 + RAG

SYSTEM:

system
You are Qwen , created by Alibaba Cloud. You are a helpful assistant.

# Tools

You may call one or more functions to assist with the user query.

You are provided with function signatures within <tools ></tools > XML
tags:

<tools >
{"type ":" function", "function ":{

"name ":" wikipedia_search",
"description ":" Search Wikipedia for a given query.",
"parameters ":{" type ":" object", "properties ":{

"query ":{" type ":" string", "description ":" Query to search for."},
"top_n ":{" type ":" integer", "description ":" Number of results to

return. The default value is 5.", "default ":5}},
"required ":[" query "]}}}

</tools >

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 >

USER:

Question: What is the capital of France?

If you have got the answer , enclose it within \boxed{} with latex
format.

Table 9: Prompt for Qwen2.5 + RAG
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Prompt for Qwen3 + RAG

SYSTEM:

system
# Tools

You may call one or more functions to assist with the user query.

You are provided with function signatures within <tools ></tools > XML
tags:

<tools >
{"type ":" function", "function ":{

"name ":" wikipedia_search",
"description ":" Search Wikipedia for a given query.",
"parameters ":{" type ":" object", "properties ":{

"query ":{" type ":" string", "description ":" Query to search for."},
"top_n ":{" type ":" integer", "description ":" Number of results to

return. The default value is 5.", "default ":5}},
"required ":[" query "]}}}

</tools >

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 >

USER:

Question: What is the capital of France?

If you have got the answer , enclose it within \boxed{} with latex
format.

Table 10: Prompt for Qwen3 + RAG
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Function Description Parameter Name Parameter
Description

add
Add two numbers
together

firstNumber The first number
secondNumber The second number

subtract
Subtract one number from
another

minuend The number to
subtract from

subtrahend The number to subtract

multiply
Multiply two numbers
together

firstNumber The first number
secondNumber The second number

divide
Divide one number by
another

numerator The number to be
divided

denominator The number to divide
by

sum_numbers Calculate the sum of an
array of numbers

numbers Array of numbers to
sum

floor Calculate the floor of a
number

number Number to find the
floor of

ceil Calculate the ceil of a
number

number Number to find the ceil
of

round_number Round a number to the
nearest integer

number Number to round

power
Calculate base raised to
the power of exponent

base The base number
exponent The exponent

sqrt Calculate the square root
of a number

number Number to find the
square root of

abs_value Calculate the absolute
value of a number

number Number to find the
absolute value of

modulo
Calculate the modulo of
two numbers

dividend The dividend
divisor The divisor

Table 11: Math Tool Functions

Function Description Parameter Name (Type) Parameter Description

wikipedia_search Search Wikipedia for a given query. query (string) Query to search for.
top_n (integer) Number of results to return.

(Optional, default: 5)

Table 12: RAG Tool Function
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