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ABSTRACT

Large Language Model agents excel at solving complex tasks through iterative
reasoning and tool use, but typically depend on ultra-large, costly backbones. Ex-
isting distillation approaches train smaller students to imitate full teacher trajec-
tories, yet reasoning and knowledge gaps between the teacher and student can
cause compounding errors. We propose SCoRe, a student-centered framework in
which the student generates training trajectories and the teacher corrects only the
earliest error, producing training data matched to the student’s ability and expos-
ing specific weaknesses. The student is first fine-tuned on corrected trajectories.
Subsequently, short-horizon reinforcement learning starts from the verified prefix
preceding the earliest error, with target rewards assigned at that step. This design
encourages autonomous problem-solving beyond imitation and enhances training
stability. On 12 challenging benchmarks, a 7B-parameter student distilled with
SCoRe matches the agentic performance of a 72B-parameter teache

1 INTRODUCTION

Recent advances in Large Language Models (LLMs) have led to the rise of “agents” (Xi et al.,[2025).
Unlike traditional single-pass generation, LLM agents solve complex problems through an iterative
reasoning—action—observation loop, using frameworks such as ReAct (Yao et al., 2023) and Code-
Act (Wang et al.| 2024). Specifically, LLM agents decompose tasks into sub-goals (Reasoning),
execute them via external tools such as code interpreters (Action) (Schick et al., 2023} |Gao et al.
2023), and then refine their plans based on feedback from tool execution (Observation). By com-
bining LLM planning with the precision of external tools, agents mitigate flaws of LLMs such as
hallucinations, outdated knowledge, and weak numerical reasoning, achieving strong performance
on real-world interactive tasks (Liu et al., [2023).

High-performing agents typically use large backbones such as GPT-4 (Achiam et al.,[2023)), resulting
in high latency and cost, as complex tasks may require dozens of model calls. To reduce deployment
cost, Agent Distillation (Kang et al.,[2025) decomposes the teacher model’s behavior into structured
[Thought, Action, Observation] trajectories and trains a smaller student model to imi-
tate them. This enables the student to acquire part of the teacher’s reasoning ability while reducing
cost. However, this imitation faces two main challenges: (1) Reasoning Ability Gap: smaller models
often cannot reproduce the teacher’s logical decomposition (Magister et al.| [2022); (2) Knowledge
Capability Gap: even if the student follows the teacher’s plan, it may lack the skill to carry out com-
plex actions due to limited knowledge. Both gaps stem from emergent abilities (Wei et al., 2022)
of LLMs, gained through extensive training and not fully transferable to smaller models. Moreover,
in behavior cloning, a single failure at any step can push the student into out-of-distribution states,
where errors compound and grow as O(H?) with horizon length H (Ross et al., 2011).

To overcome the limitations of the traditional “teacher-acts, student-clones” distillation paradigm,
we introduce SCoRe (Student-Centered one-step Reinforcement). In SCoRe, the student first pro-
duces a complete trajectory, which the teacher reviews globally, intervening only to correct the ear-
liest error. The student then restarts the task, resuming from the original correct prefix and teacher’s
correction. As shown in Figure [I] this student-centric approach to data generation offers two key
advantages: Capability Matching—trajectory complexity aligns with the student’s abilities, keeping
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Correct Path Prefix

Student Clones Teacher's Behavior Rollout from the key step, not the beginning

Figure 1: Comparison between imitation-based distillation and our SCoRe framework. (a) Prior
methods clone entire teacher trajectories. (b) Our approach lets the student explore independently;
Upon completion, the teacher reviews the full trajectory and minimally intervenes by correcting
only the earliest error. Correction-based SFT mitigates the compounding errors of pure imitation.
RL rollouts then start from this verified prefix, improving stability and efficiency.

the data learnable and effective; and Deficiency Localization—the structure of a “verified prefix”
followed by a “key step” explicitly pinpoints the student’s weaknesses for targeted optimization.

Before exploration, the student must first acquire basic reasoning—action skills. We initialize it with
a cold-start Behavior Cloning (BC) phase, performing supervised fine-tuning (SFT) on a small set of
high-quality teacher trajectories. Then the core phase, Mentored Problem-Solving(MPS), allows the
student to tackle new tasks independently. After the student completes a trajectory, a teacher inspects
it, identifies and corrects the earliest error, and the student regenerates the remainder starting from
this corrected prefix. If further mistakes occur, the teacher repeats this process. Final task success
implicitly verifies the correctness of the teacher’s ﬁxﬂ We retain these corrected trajectories with
minimal teacher intervention and use them for the next round of SFT. By correcting at the earliest
error, this approach limits teacher—student distribution shift to a single step, breaks long error chains
of BC, and reduces cumulative error growth from O(H?) to O(H).

Although effective, these steps still rely on teacher corrections and keep the student in imitation
mode. To promote genuine problem-solving, we introduce a reinforcement learning (RL) phase
featuring shorter rollouts and key-step rewards. Our RL method introduces two main innovations.
First, rather than rolling out from the start of the task, we begin from the verified prefix preceding the
student’s original error. This shortens the horizon and reduces gradient-estimation variance, making
updates more stable. Second, to mitigate the issue of sparse rewards (Andrychowicz et al., |2017),
we supplement the final task-success reward with additional bonuses at key steps: a larger one for
reproducing the teacher’s correction and a smaller one for avoiding the original error. Finally, during
the MPS phase, we retain the data that remains unsolved despite multiple one-step corrections. A
small part of this data is marked as challenging and used in RL training.

Experiments on 12 challenging benchmarks show that SCoRe enables small models, such as
Qwen?2 .5-7B, to achieve reasoning performance comparable to a 72B teacher, outperforming both
BC and GRPO (Shao et all 2024) by a large margin. On Deep Search benchmarks, it even sur-
passes tool-integrated prompting on 72B models (L1 et al., |2025b). These results demonstrate that
ability-matched correction, combined with short-horizon key-step RL, can close the performance
gap between small and large models.

ZEvery teacher’s correction should pass this verification to confirm that it contains no noise.
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2 BACKGROUND

In this section, we formalize the LLM-agent framework and review two core training approaches:
Behavior Cloning and Reinforcement Learning, highlighting their limitations in agent distillation.

The ReAct Framework. To enable effective interaction with an external environment £ (e.g., a code
interpreter or a search engine), we adopt the ReAct framework (Yao et al.,[2023)). In this framework,
the agent’s behavior is represented as a trajectory 7 = (¢1,c¢1,01,...,tH, cr, 0 ), where H is the
total number of steps. At each step i, the policy 7 first generates a thought t; based on the history
s, and then, conditioned on this thought and history, produces a ReAct action c¢;:

s; = (t1,¢1,01,. .., tic1,¢i—1,0i-1), (ti,c;) ~m(- | ;).

Executing ¢; in £ returns an observation o;, (t;, ¢;, 0;) is then added to the history. The loop contin-
ues until a terminal action (e.g., producing the final answer) ends the trajectory.

Agent Distillation via Behavior Cloning. To reduce the inference cost of large LLM agents, agent
distillation transfers capabilities from a powerful teacher 7 to a smaller student 7. The most com-
mon method, Behavior Cloning (BC) (Torabi et al.,[2018), trains 7 on teacher-generated trajectories
D1 to imitate both thoughts(¢;) and ReAct actions(c;):

il

Lpc(¥) = —E;~p, Zlogﬁ(ai EHI (1

=1

where a; = (t;,¢;) and s; is the history context. While BC is effective, reasoning and knowledge
gaps between 7 and 7 yield a non-trivial per-step error rate €. Under covariate shift, these errors
accumulate over horizon H, making the expected total cost grow as O(H 25—:) (Ross et al.,[2011).

Agent Optimization via Reinforcement Learning. Reinforcement Learning (RL) extends beyond
imitation by enabling agents to explore actively. The problem is modeled as a Markov Decision
Process (MDP), where the state s; is the history context, the action is a;, the policy is 7, and the
trajectory is evaluated by a reward R(7). In practice, rewards are often sparse; for example, R(7) =
1 if the final answer is correct, and R(7) = 0 otherwise (Su et al.,|2025; Mroueh, 2025). The training
objective is J(0) = E,z,[R(7)], with the policy gradient update:

VoJ(0) =E;s, [R(T)Volog P(T | 0)], 2)

where P(7 | 0) denotes the probability of trajectory 7 under 7y. Standard RL faces challenges
for LLM agents due to sparse rewards (Andrychowicz et al., 2017; Badia et al.l 2020) and high
variance (Schulman et al.,2017;|Shao et al.|[2024])), often leading to unstable and inefficient training.

3 METHODOLOGY

In this work, we propose SCoRe, a novel agent-distillation paradigm that addresses key limits of BC
and RL (Figure @ Instead of the static “teacher-acts, student-clones” scheme, SCoRe introduces
Mentored Problem-Solving (MPS) to place the student at the center of learning. Training on MPS-
generated data tailored to the student’s abilities reduces BC’s compounding error growth, and the
use of short-horizon, key-step rewards in RL improves stability and efficiency.

3.1 INITIAL DISTILLATION WITH CODE AS ACTION

To enable a “student-explores, teacher-corrects” strategy for agent distillation, the student must first
acquire basic reasoning-acting skills. However, current LLMs (e.g., Qwen (Yang et al.l 2025),
LLaMA (Dubey et al.l 2024)) are not built for multi-step agentic tasks and typically perform
single-pass generation. Therefore, we first construct structured datasets and distill 7 to perform
multi-step reasoning and acting.

Trajectory Representation. Training trajectories follow the ReAct (Yao et al., [2023)) format: se-
quences of triplets T = (0;)L,,0; = (t;,¢;,0:), where t; is textual reasoning, c; is an action
in ReAct, and o, is environment feedback. These structured trajectories capture problem decom-
position and stepwise solutions, making them well-suited for distillation purpose. We build on
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Figure 2: The SCoRe framework. (a) A student agent attempts a task, and the teacher provides
a single-step correction at the first error, creating student-centric training data. (b) The student is
initially trained to imitate full solution trajectories via supervised fine-tuning. (c) The student is
further improved through reinforcement learning, using shortened rollouts starting from the prefix
preceding the teacher’s correction, and targeted rewards at the corrected steps to guide exploration.

CodeAct (Wang et al.,|2024), where c; is executable code, offering: (i) deterministic operations for
reproducibility; (ii) both teacher and students are familiar with code from pre-training, reducing
capability gaps; and (iii) a Turing-complete, unified action space for tool use and complex logic.

Initial Trajectory Generation. To build the initial train data D, we use the teacher policy 7g. Fol-
lowing |Kang et al.| (2025)), mg is first prompted to produce a high-level plan <first_thought>
as a strategic outline. A second prompt enforces the standard Thought—Code—Observation cycle: at
step 4, T generates (;, ¢;) conditioned on both the plan and prior steps. Executing ¢; in the envi-
ronment yields an observation o;, which is appended to the context for subsequent reasoning. This
dual-prompt design combines global planning with adaptive step-level reasoning. To ensure quality,
we apply rejection sampling and retain only trajectories with correct final answers.

Behavior Cloning. In the initial cold-start learning phase, we distill student policy 7 on Dz via
behavior cloning, minimizing Lp¢ as defined in Equation The resulting initialized model, iy,
learns the Thought—Code—Observation loop. This capability enables 7;,;¢ to attempt tasks without
immediate failure, thus allowing fine-grained, one-step teacher interventions in subsequent phases.

3.2 MENTORED PROBLEM-SOLVING AND FURTHER SFT

After initialization via BC, the core phase, Mentored Problem-Solving (MPS), employs the BC-
initialized student as an explorer, producing ability-matched and deficiency-localized trajectory data.

Student Explores, Teacher Corrects. As shown in Figure |Zka), the initialized student model 7t
attempts unseen tasks. For each task, it independently generates a full trajectory 7s = (01,...,0H),
where each step o; denotes a triplet of Thought—Code—Observation. After the final answer, the
teacher mp checks correctness with full reasoning chain of the student. If incorrect, the teacher
locates the first deviation step o), where the student diverges from the correct path. Instead of
discarding the trajectory, g provides a minimal intervention by replacing o with a corrected step
o}, after which the student resumes execution from (o1, ..., 0x—1,0}).

Validation of the Correction. If the student ultimately completes the task, it indirectly validates the
teacher’s correction, and the corrected trajectory is collected as training data. If the student makes
another mistake at step m > k, the teacher will correct it to o/, and the execution will continue from
(01,...,0k-1,0},...,0m—1,0,,). Each intervention addresses only the specific wrong step, and
a single trajectory may contain multiple such interventions. The entire process of error localization
and correction is carried out by the teacher via prompts, which are detailed in Appendix

In rare cases, a task may remain unsolved even after multiple one-step corrections(5 attempts in
this paper). Such cases are Hard-to-Teach tasks, as their difficulty exceeds the student’s current
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capability. While these trajectories offer limited value for capability-matched SFT, we retain a subset
as challenging examples for the RL to improve the model’s performance on difficult tasks.

Two Complementary Forms of Supervision. The MPS process yields two complementary forms
of supervision: (1) The final corrected trajectory, mostly generated by the student with sparse
teacher edits, provides capability-aligned demonstrations for continued SFT. (2) Each key-step cor-
rection produces a preference pair, anchored on the same prefix (o1, ..., 0k—1), where the teacher’s
corrected step o), is preferred over the student’s original 0. A single task can generate multiple such
pairs from multiple teacher interventions. These pairs are especially useful for RL methods (e.g.,
GRPO (Shao et al 2024))), offering near-correct prefixes that stabilize short rollouts and provide
precise feedback at prior error points. Once this high-quality, capability-aligned data is collected, it
is used to train the student model 7 via SFT (see Figure J{b)). Training on such capability-aligned
data helps reduce compounding errors; we next provide a theoretical analysis.

Theoretical Justification. To analyze SCoRe’s advantage in mitigating compounding errors [Ross
et al.| (2011, we model the agent as a finite-horizon process of length H. At each step ¢, in state
s¢ € S, the agent selects action a; € A via policy 7. In our framework, a; is the composite output
of thought and code. The environment transitions according to P(sty1 | St,a¢). Let mg and 7
be the teacher and student policies, and let df be the state distribution under 7. The per-step cost
ci(s) € [0,1] is O if the policy acts correctly and 1 otherwise. The total expected cost is

t=1

H
c(m) = Es ndy, agom, sip1~P lz ct(st)l . (3)

Theorem 3.1 (BC compounding-error bound). If student 7 trained on teacher mg demonstrations
via BC satisfies

Pooare [7(s) # mp(s)] <e, Vte{l,...,H}, )
then
H(H-1)

5 € =clmp)+ O(H?¢). (5)

o) < c(mp) +
This classical covariate-shift result (Ross et al., 2011 shows that a small per-step error € can grow
to O(H?¢), severely degrading performance on long-horizon tasks.

Theorem 3.2 (SCoRe first-error-correction bound). In SCoRe training, at the first deviation from
teacher policy 7, the action is replaced by the teacher’s, and execution continues with student
policy 7. If, under d], the per-step misalignment satisfies

Pygs [i(s) # 7p(s)] <e, Vte{l,...,H}. ©6)

Since SCoRe’s training data originates from the student’s own rollouts, the relevant error rate is
evaluated under d} rather than d;”. Then

() <c(ng)+ He =c(rg) + O(H ¢). (7)

Unlike BC in Theorem SCoRe trains on df and the teacher’s first-error corrections, truncating
error propagation. At most one unchecked mistake occurs before resuming an expert-aligned path,
reducing worst-case growth from O(H?) to O(H). The proof is in Appendix

3.3 RL REFINEMENT FOR MASTERY

Although MPS yields capability-aligned supervision, training the student on this data only via SFT
still limits the student to replicating the teacher’s key steps. To move from imitation to independent
problem-solving, we introduce an RL phase after SFT that directly optimizes task success. We adopt
GRPO (Shao et al.l 2024}, a variant of PPO (Schulman et al., 2017) that omits the value function,
thereby reducing computation and value-estimation instability. However, for long-horizon tasks,
GRPO remains sensitive to sparse rewards and high gradient variance. As Figure 2|c) shows, we
address these issues with two techniques:

Short-Horizon Rollout. Instead of starting rollouts from the initial question, we begin from the
verified prefix (o1, ...,0%—1): the sequence preceding the original error step o. This shortens the
horizon from H to H' = H — (k — 1), reducing variance.
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Key-Step Reward. If the final answer is correct, a large reward Rpgy,,) is given. Otherwise,

s
Ryey, ap = akE7
. orig T
R= Ravoida ag 7é Qg A ag 7é ak;E'
0, otherwise,

where a;'® is the student’s original error, a;” is the teacher’s correction. Rayoid is essentially

a format reward similar to that used in DeepSeek-R1 |Guo et al.| (2025), with a slight modifica-
tion: Ravoiqa 18 granted only when the output is both format-correct and different from the origi-
nal error, and the reward is very small. Action equivalence can be reliably checked via code and
code execution results. In practice, we compute the reward via a lightweight LLM-based verifier:
Qwen2.5-7B-Instruct judges semantic equivalence between the generated and reference an-
swers. This reward scheme provides informative credit assignment at the student’s weakest step,
while maintaining prioritization of final task success.

As noted before, we retain a subset of Hard-to-Teach samples for RL training(10% of the training
data), encouraging the student to explore strategies beyond those demonstrated by the teacher. As the
teacher gave no effective guidance, these samples do not involve short-horizon or key-step rewards.

Theoretical Justification. We analyze variance reduction under policy gradients (ignoring value-
function or clipping for clarity), aligning with GRPO’s core update. The conclusion can also extend
to the clipped objective of GRPO. Specifically, starting rollouts after the verified prefix reduces the
remaining horizon from H to H — k + 1, tightening the variance bound of the policy gradient:

H H

gk = ZVG logmg(as | s¢) - G, Gi= ZWt/_trtu 3)

t=k t=t
where v € (0, 1) is discount factor. Assume reward |r;| < Riax and || Ve log mo(as | s¢)|| < Gmax-
Theorem 3.3 (Variance Bound for Shortened Rollout). Under these assumptions, there exists C' =
G2 . R2.. such that

max max

1 — ~H—k+1 2

C
Var(gy] < ——— < H—-k+1)—
AN A
which decreases monotonically as k increases. The proof is in Appendix E]

In summary, starting rollouts from verified prefixes focuses on students’ weak points and reduces
gradient variance by truncating the horizon, leading to more stable and efficient RL optimization.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Datasets. We evaluate our approach on three categories of datasets. Mathematical Reasoning:
AIME2024, AIME2025, MATHS500 (Lightman et al., |2023; Hendrycks et al., |2021), and Olym-
Math (Sun et al., 2025). These problems often require multi-step symbolic reasoning and frequent
code interpreter use. Factual Reasoning: HotpotQA (HQA) (Yang et al., [2018)), 2WikiMultihopQA
(2Wiki) (Ho et al.| [2020), Musique (MuSiQ) (Trivedi et al.l [2022) and Bamboogle (Bamb) (Press
et al.,[2022)). These tasks demand multi-step information retrieval and synthesis via search APIs. For
Deep Search, which is fully absent from training data, we follow WebThinker (Li et al.l |2025c)’s
text-only split, and test on GAIA (Mialon et al.| |2023)), WebWalker (Wu et al., 2025), Humanity’s
Last Exam (HLE) (Phan et al.| [2025), and xBench (Chen et al., 2025). These benchmarks involve
much longer tool-use horizons, making them more challenging than standard reasoning tasks.

Baselines. We compare SCoRe with three categories of baselines. (1) Prompt-Only Large Model
Agents: strong LLMs prompted in a tool-integrated reasoning (TIR) format (L1 et al., 2025b),
without parameter updates. This setting reflects an approximate upper bound for performance un-
der ideal prompting. We include Deepseek-V3 (671B), Qwen2.5-72B-Instruct, and
Qwen?2.5-32B-Instruct. (2) Behavior Cloning (Kang et al., 2025ﬂ the student imitates full

*Note that our SCoRe framework also includes a BC phase for cold-start initialization, but unlike the BC
baseline using the full teacher-annotated training set, SCoRe uses only 20% of the data to endow the student
basic reasoning—action skills.
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Table 1: Overall performance on eight challenging reasoning tasks. The best outcomes among
models of the same size are bolded. “Avg.” denotes the average score across tasks. Results for
GRPO and ARPO are mostly taken from |Dong et al.|(2025b).

Mathematical Reasoning Factual Reasoning
Method Avg.
AIME24 AIME25 MATHS500 OlymM HQA 2Wiki MuSiQ Bamb
Larger Models (TIR Prompting)
Deepseek-V3 (671B) 43.3 30.0 84.8 21.0 60.1 785 370 732 535
Qwen2.5-72B-Instruct ~ 33.3 40.0 77.4 170 60.5 755 36.8 732 517
Qwen2.5-32B-Instruct ~ 30.0 23.3 74.0 180 549 649 26.9 67.8 45.0
Student: Qwen2.5-7B-Instruct
Behavior Cloning 23.3 13.3 72.8 15.5 58.1 703 266 63.6 425
GRPO 233 26.7 78.0 250 59.0 76.1 306 684 484
ARPO 30.0 30.0 78.8 180 588 76.1 31.1 71.5 493
SCoRe-SFT 26.7 16.7 73.4 18.5 59.5 728 29.2  69.8 458
SCoRe-RL 36.7 26.7 82.0 26.5 614 768 322 728 50.8
Student: Qwen2.5-3B-Instruct
Behavior Cloning 13.3 13.3 65.6 9.5 517 63.7 26.8 61.2 383
GRPO 20.0 13.3 72.0 16.0 56.5 64.5 24.7 652 415
ARPO 20.0 20.0 71.4 14.5 58.5 674 28.7 66.8 434
SCoRe-SFT 20.0 13.3 67.0 12.5 559 171.6 27.8 67.5 419
SCoRe-RL 26.7 20.0 72.4 17.5 592 756 29.0 732 46.7
Student: Llama3.1-8B-Instruct
Behavior Cloning 6.7 6.7 58.0 8.5 55.6 655 28,6 69.1 373
GRPO 13.3 13.3 62.4 14.5 57.8 71.8 31.0 682 415
ARPO 23.3 16.7 64.6 11.0 654 755 34.8 73.8 45.6
SCoRe-SFT 6.7 10.0 60.0 10.0 595 717 31.1 71.4 402
SCoRe-RL 26.7 20.0 65.4 16.0 642 76.5 353 762 47.5
Table 2: Performance on deep search benchmarks.
Method GAIA HLE XBench WebWalker Avg.
GAIA-1 GAIA-2 GAIA-3  Avg.
Larger Models (TIR Prompting)

Deepseek-V3 (671B) 48.7 40.4 16.7 40.8 10.6 32.0 46.0 324
Qwen2.5-72B-Instruct 30.8 36.5 16.7 320 7.8 31.0 38.5 27.3
Student: Qwen3-8B
Behavior Cloning 33.3 26.9 8.3 272 84 21.0 34.5 22.8

GRPO 48.7 25.0 8.3 320 7.8 20.0 29.0 22.2
ARPO 53.9 32.7 16.7 38.8 8.8 25.0 30.5 25.8
SCoRe-SFT 35.9 26.9 8.3 28.2  10.0 22.0 41.5 25.4
SCoRe-RL 53.9 36.5 16.7 40.8 11.0 27.0 43.0 30.5

teacher trajectories, with no exploration or correction. (3) Trajectory-Level RL Agents: Training the
student with RL over the full horizon with sparse task-completion rewards, using GRPO (Shao et al.,
2024) or ARPO (Dong et al.,2025b) algorithm. Our proposed SCoRe is evaluated in two sequential
phases: (i) SCoRe-SFT, a correction-based SFT phase where the model is trained on capability-
matched and deficiency-localized data; and (ii) SCoRe-RL, a short-horizon RL phase with rollouts
from the verified prefix, and key-step rewards for reproducing the teacher’s fix or avoiding errors.

Evaluation. Following ARPO (Dong et al 2025b), we measure open-domain QA tasks using a
token-level F1 score against the ground truth. For mathematical reasoning and deep search tasks,
correctness is judged by Qwen2.5-72B-Instruct under an LLM-as-a-judge protocol (Zheng
et al.,[2023)), comparing the generated final answer and the provided ground truth.
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Table 3: Ablation study of various components of SCoRe. Student: Qwen-2.5-7B-Instruct.

Mathematical Reasoning Factual Reasoning

Method Avg,
AIME24 AIME25 MATHS00 OlymM. HQA 2Wiki MuSiQ Bamb

Initial Distillation 20.0 23.3 70.8 7.0 544 676 27.0 63.7 41.7

SCoRe-SFT 26.7 16.7 73.4 185 595 728 292 69.8 4538

RL W/O short-horizon 30.0 20.0 78.0 250 58.0 753 302 70.7 484
RL W/O key-step rewards  33.3 20.0 80.6 240 61.1 76.7 303 71.7 49.7
SCoRe-RL 36.7 26.7 82.0 26.5 614 768 322 728 50.8

Implementation. During training and inference, the model employs two tools: a Python code
interpreter for mathematical reasoning and precise computation, and an online search engine pro-
viding concise, up-to-date snippets. To save time and cost, we did not use a web browser in deep
search tasks. SFT training data follows the [Thought-Action-Observation] format with
Qwen?2.5-72B-Instruct as the teacher. To construct the train data, we collect seed ques-
tion—answer pairs mainly from the Tool-Star dataset (Dong et al.}[2025a)), including NuminaMath (Li
et al.,|2024) and Omni(Gao et al.,[2024)) for math reasoning, and HotpotQA, 2WikiMultiHopQA, and
WebWalker for factual QA. Of these, 20% of trajectories are fully teacher-annotated to create high-
quality BC initialization data, giving the student a solid foundation in reasoning—acting skills. The
remaining 80% are generated via MPS, producing capability-matched, deficiency-localized data.
These minimally corrected trajectories are split evenly: half for correction-based SFT to produce
the SCoRe-SFT model, and half for RL. Note that during the MPS, a substantial portion of the data
can be solved correctly by the student without any teacher intervention. We retain only a small
subset of these easy cases for training.

During RL training, the maximum number of rollout steps was set to 8, and any reasoning—action
cycles exceeding this limit were considered incomplete. The same configuration was used during
inference. For the key-step reward scale Ry.,, we adopted the value 0.5 after a small-scale (2k-
sample) search over {0.3,0.5,0.7} on math benchmarks, which showed 0.5 to give the best average
performance. For R,0iq, Which essentially serves as a format reward, we adopt the commonly used
value of 0.1. Additional data and implementation details are in Appendix [B]

4.2 MAIN RESULTS

Tables [T and 2] show results for mathematical/factual reasoning and deep search.

TIR prompting excels on ultra-large models but relies on massive backbones and incurs high
costs. On reasoning tasks, Tool-Integrated Reasoning (TIR) proves effective for very large models:
Deepseek—-V3 (671B) scores 53.5 on average, and Qwen2.5-72B-Instruct scores 51.7,
highlighting TIR’s ability to combine strong LLM reasoning with external tool precision. However,
performance degrades sharply with smaller backbones. For example, Qwen2.5-32B-Instruct
drops by over 6 points. In agent settings, ultra-large models also entail high latency and token costs,
which grow with both token volume and the number of interaction turns.

SCoRe matches teacher performance on reasoning and deep search with smaller backbones.
On smaller backbones, our method leverages MPS trajectories generated by a “student-led plus
one-step teacher correction” process, while training the model by correction-based SFT and short-
horizon RL with key-step rewards. This yields large gains: Averaged over math and factual reason-
ing benchmarks, SCoRe-RL with a Qwen?2.5-7B-Instruct backbone scores 50.8 (0.9 below
the 72B teacher, +8.3 over BC, +6.3 over GRPO), with a Qwen2.5-3B-Instruct backbone
+8.4 over BC, and with a L1lama—-3.1-8B-Instruct backbone +10.2 over BC. Ability-aligned
training thus enables small models to match or surpass much larger ones while reducing costs.

SCoRe-SFT outperforms pure behavior cloning under the same data budget. With only teacher-
annotated trajectories, BC performance is limited. Under equivalent training data budgets, SCoRe-
SFT delivers consistent gains across backbones on both reasoning and deep search tasks, showing
that MPS-constructed data reduces compounding error growth from O(H?) to O(H), where H
denotes horizon length. It further implies that even without RL, training models on correction-based
trajectories markedly outperform conventional BC distillation.
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Table 4: Performance under different proportions of Hard-to-Teach data in the RL training.

Mathematical Reasoning

Hard-to-Teach ratio Avg.
AIME24 AIME25 MATHS500 OlymMath

0 30.0 233 79.8 25.0 39.5

0.1 36.7 26.7 82.0 26.5 43.0

0.3 43.3 33.3 81.4 28.0 46.5

0.5 30.0 233 81.4 27.0 40.4

RL with short-horizon and key-step rewards drives strong performance. On the more challeng-
ing Deep Search tasks (Table 2, SCoRe-RL achieves very strong performance and in some cases
exceeds the teacher. For Qwen3-8B-Instruct, it scores 30.5 (+7.7 over BC, +8.3 over GRPO,
+3.2 over TIR-Qwen-72B). On GAIA-Avg, scores rise from 27.2 (BC) to 40.8.

4.3 ABLATION STUDY

In the ablation study, we evaluate the contribution of each SCoRe component on math/factual rea-
soning benchmarks (Table . The BC-initialized student (Initial Distillation), trained on a subset
of high-quality teacher trajectory data, serves as the explorer for MPS. Unlike the BC baselines in
Tables [T] and 2] which use full teacher data, this model performs poorly. In contrast, when treating
the initial model as the explorer and fine-tuning it on data generated via MPS, performance improves
substantially (SCoRe-SFT), showing that training on such data effectively reinforces weak links in
the reasoning chain. Extending to RL brings further improvements:

(1) Without short-horizon rollouts, stability de-
grades and performance drops notably, showing

; . A . : (a) Teacher intervention frequency (Math vs Search)
that truncation reduces gradient-estimation vari-

Hard 13.7% Math
ance; (ii) Without key-step rewards, accuracy on data 11.0% Search
multi-step tasks decreases, validating the need for >y B22%
targeted, stepwise guidance beyond final-task re- i
wards. The full SCoRe-RL approach combining 1 B 25.3%
both short-horizon rollouts and key-step rewards o 58.8%
achieves the best results. 71.0%

0 10 20 30 40 50 60 70 80
Proportion (%)
44 HARD-TO-TEACH DATA ANALYSIS (b) Performance on hard data after training
SCoRe . 206.3%
We further examine the teacher—student interac- " . .
tion during the MPS process (Figure B(a)). Re-  *°¢% T
sults show that most tasks require only a single 0 5 10 15 20 25 30

. . . . A %
correction, with very few needing > 2 teacher in- couracy (%)

terventions, indicating that one-step correction is
typically sufficient. The proportion of Hard-to-
Teach data, defined as instances the teacher fails
to teach successfully, is small. These hard sam-
ples will not be discarded, and we select part of
them as challenging cases for RL training.

Figure 3: Teacher intervention frequency in the
MPS phase, and performance on Hard-to-Teach
data after training. Categories: 0 = solved by
student alone, 1 = one teacher correction, >2 =
two or more corrections. Hard data = unsolved

samples even with the teacher’s help.
As shown in Figure [3[b), on the mathemati-

cal Hard-to-Teach subset(200 items, already ex-

cluded from training), accuracy rises from 0%

to 17.3% with SCoRe-SFT, and further to 24.3%

with SCoRe-RL. This demonstrates that our ap-

proach substantially enhances the student model’s overall capability, and enables it to autonomously
solve high-difficulty cases that the teacher could not teach before.

To further examine the impact of teacher capability on student performance in our framework, we
conducted an additional experiment on mathematical reasoning tasks. In this setting, we vary the
proportion of Hard-to-Teach data used in RL training to simulate less capable teachers. The evalu-



Under review as a conference paper at ICLR 2026

ation results are shown in Table ] In our original setting (Hard-to-Teach ratio = 0.1), the average
score reaches 43.0, exceeding the 39.5 achieved with an ideal teacher (0 hard cases). A moderate
increase to 0.3 yields the best result, suggesting that suitably challenging data can enable the student
to generalize beyond the teacher’s strategies. However, at 0.5, performance drops sharply, indicating
that overly weak teachers hinder stable training.

Further results, including math task evaluation with the exact match metric, additional baselines such
as DPO (Rafailov et al.| [2023)), and analyses of SFT data size impact, are provided in Appendix [C]
Tables|/|and [8| also present examples of data generation during the MPS process.

5 RELATED WORK

Distillation for LLM Agents. Agent distillation is a practical way to reduce the cost of deploying
large models such as GPT-4 (Achiam et al., 2023) or Gemini (Team et al.,[2023)) in a multi-turn agent
setting (Yao et al.| [2023; |Wang et al., 2024). Formal approaches like trajectory distillation (Kang
et al.| [2025) and toolformer-style imitation (Schick et al., 2023} |Gao et al.|[2023)) train smaller mod-
els to reproduce teacher-generated [Thought, Action, Observation] traces, transferring
planning and tool-use skills. However, most methods use supervised behavior cloning from expert
rollouts, and face the reasoning and knowledge gaps (Magister et al., 2022)) between the teacher
and student. Pure imitation also suffers from compounding errors under distribution shift (Ross
et al.,[2011). DAgger and HG-DAgger (Ross et al., [2011} |Kelly et al.,[2019) aim to mitigate com-
pounding errors; however, these methods are designed for traditional imitation learning domains
such as robotic control. And they are not directly applicable to LLM agents, which autonomously
employ multiple tools. Furthermore, they remain strictly teacher-led and do not leverage a stable RL
framework to progressively expand the student’s capabilities.

Agentic Reinforcement Learning. RL has become a core paradigm for training LLM agents in
dynamic, multi-turn environments (Shridhar et al.;2020; Mialon et al.,2023)). Early pipelines relied
on supervised or rule-based tool-use strategies (Schick et al., [2023), limiting adaptability to new
domains. Later work integrated RL into agent policies, enabling joint optimization of reasoning
chains and external actions. Classical methods such as deep Q-learning (Mnih et al.| 2015) and
self-play (Silver et al., 2017 have been adapted for natural-language decision-making, where inter-
mediate thoughts and tool calls form part of the state (Li et al., 2025a). In tool-augmented settings,
recent work optimized multi-tool coordination under real-time constraints (Qian et al, 2025 Xu
& Peng|, [2025). Despite these advances, challenges remain: long-context rollouts cause instabil-
ity (Schulman et al., 2017; |Peng et al., [2019), and sparse or delayed rewards hinder credit assign-
ment (Andrychowicz et al.,[2017)). These motivate algorithms that combine trajectory-level planning
with local, verifiable corrections for stable learning and fine-grained reasoning control.

6 CONCLUSION

We introduce SCoRe, a framework for distilling LLLM agents that lets students actively explore
problem-solving with minimal, targeted teacher corrections. This yields training data aligned with
the student’s evolving capabilities and reveals weaknesses for further optimization, helping students
advance from imitation to genuine problem-solving. Extensive experiments show SCoRe achieves
expert-level performance and consistently outperforms standard distillation baselines. Future work
includes improving reward design and extending the framework to broader multi-modal tasks.

REPRODUCIBILITY STATEMENT

We provide detailed information to ensure our work is fully reproducible. An anonymous repos-
itory with the source code for our SCoRe framework is available at https://anonymous.
4open.science/r/SCoRe-F58E/. Complete proofs of all theoretical claims are included in
Appendix [Al Appendix [B|describes our experimental setup in detail, covering datasets, evaluations,
baselines, and hyperparameters. The exact prompts used to guide the teacher model in the Mentored
Problem-Solving phase are listed in Appendix [D}
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THE USE OF LARGE LANGUAGE MODELS (LLMS) IN WRITING

An LLM (i.e., OpenAI’'s GPT4) was used solely for minor language editing, including grammar
correction and slightly rephrasing for clarity. It did not contribute to the research design, and all
scientific content is entirely the authors’ own.

A PROOFS OF THEORETICAL RESULTS

Theorem A.1 (BC compounding-error bound). Suppose the student policy 7 has a one-step devia-
tion probability of at most € under the expert’s state distribution, i.e.,

Pswd;{E (7AT(S) 7& ﬂ-E(S)) < g,
and that per-step costs are bounded as c; € [0, 1]. Then the student policy satisfies

H(H - 1)

€= c(rg) + O(H?). (10)

() < e(mp) +
The proof below follows the approach of Ross et al.[(2011)).

Proof. The core of this proof is to quantify how errors accumulate over time. A single mistake can
lead the student policy into a state distribution the teacher has never seen, causing further deviations.
We will bound the total cost by analyzing the probability of such deviations at each step.

For any step t € {1,..., H}, define the event £;_; as the student making no errors in the first ¢ — 1
steps, assuming it encounters states from the expert’s distribution d; *:

t—1
Eilq = ﬂ{fr(sl) =7g(s;)}, wheres; ~dl”. (11)
i=1

The complementary event, £, represents at least one error occurring before step ¢. By the union
bound:

P(&_,) = P(O{ﬁ(si) # WE(Si)}> < iﬂ"(ﬁ(si) #£7mg(s;)) < (t—1)e. (12)

The student’s state distribution at step ¢, d7, depends on whether an error occurred previously:

* If £&_1 occurs (no prior errors), then dff = dj”.
* If &, occurs (an error was made), the student’s trajectory diverges, leading to an arbitrary

worst-case state distribution, denoted ¢;.

By the law of total probability, we can express df as a mixture:

di = (1= pi—1) " + pr-1 s, (13)
where p;_1 := P(E7_ ).
We can now bound the expected cost for the student at step ¢:

Eovazle(s)] = (1 =pe—1) EgLgre [co(s)] + Pe—1 Eong,[ee(5)]
S =pi-1)Eggrela(s)] +pi-1-1 (asc €0,1])
=E, qrelc(s)] = i1 Egogrelei(s)] +pea
S E . qreled(s)] +pe

< ]ESNdZ'E [ci(s)] + (t — 1)e. (14)
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This shows the difference in expected cost at step ¢ is bounded by the cumulative error probability
up to that point.

Summing over all H steps:

t=1
H—-1
H-1)H
=¢ k=c¢ ( ) (15)
2
k=0
Rearranging yields the result. O

Theorem A.2 (SCoRe first-error-correction bound). Let 7 be a student policy trained via SCoRe
with first-error correction, and let T be the teacher policy. Assume that under the student’s own
induced state distribution df, the per-step error rate is bounded by € € |0, 1]:

Pygs [i(s) # 7p(s)] <e, Vte{l,...,H} (16)

Then for any per-step cost function ¢; : S — [0, 1], the student policy’s expected total cost is
bounded by
c(7t) < e(ng) + He. (17)

Proof. The key advantage of the SCoRe framework is that the student is trained and evaluated on
its own state distribution d7. This on-policy training avoids the covariate shift issue in standard
Behavior Cloning. The proof uses a direct bound on the per-step cost difference by leveraging the
on-policy error assumption.

Consider the expected cost of 7 at any step ¢. Let
Gy :={7(s) =7g(s)}, s~ d?,

i.e., the student takes the same action as the teacher. Its complement G; := {7 (s) # mg(s)} is the
error event.

By the law of total expectation,

By azlci(s)] = Elei(s) | Gi] - P(Gr) + Elex(s) | 671 - P(G). (18)

From the assumption,
P(Gf) <e, so P(G)>1-—e. (19)

Now, we bound the conditional expectations:

* If G§ occurs, the cost is at most 1 since ¢; € [0, 1]. Thus, E[e.(s) | GF] < 1.

* If G, occurs, the student follows the teacher’s action. The cost over these states is aligned
with the teacher’s cost. Hence,

Elci(s) | Gi] < Eqogrece(s)]-

Plugging these bounds in:
By azlci(s)] S Eggrele(s)] - P(G:) +1-P(G7)
<E, qrz[e(s)l(1 = P(G))) + P(G7)
=B arele(s)] = P(G7) - Egogre[ci(s)] + P(G)). (20)
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AsE, 45 [ct(s)] > 0, the negative term can be dropped:
Eowazlen(s)] S E, grele(s)] + P(G)). 21)

Applying the error bound P(Gf) < £, we get the per-step inequality:
Eaple(s)] SE, grele(s)] + e (22)

Summing over the horizon:

H
() = c(m) = 3 (Buar [6(9)] ~ Eye [a(9)])

~~
Il
—

M=

¢ = He. (23)

o~
Il
-

This yields the desired bound. O

Theorem A.3 (Variance bound for shortened rollout). Under bounded rewards maxs
bounded policy score norms |V log mp(at|st)|| < Gmax, and discount v € (0,1), the truncated
policy gradient estimator

Ik = Zve log mo(as|st) - (Zv th> 24)

t=k t'=t
satisfies
c y(1 =" 2
Varlgy] < —— <(H —k+1l)-———) , C:=Gi RL.. (25
(1—7)? 1—vy
and the bound decreases monotonically as k increases.
Proof. The estimator Equation [24]can be written as a sum of random variables:
H
gk =Y Xi, Xi:=Vglogmg(als:) G, (26)
t=Fk
where G is the discounted return from ¢:
H
Gy == Z’ytl*try. 27
t'=t
Under the boundedness assumptions,
Vo log mg(as|s:)|| < Gmax; (28)
1 AH—t+1
Gt < Rua  — (29)
L=y
The norm of each term || X¢|| is therefore bounded by:
1 ,YH—t+1
||XtH S Gmax|Gt| S Gmameax 1 — (30)

To bound the variance, we bound the norm of the total gradient estimator g; using the triangle
inequality and the time-dependent bound on |G| from Equation

H H
S x| <X
t=k

lgwll =

t=k
H H—t+1
L—n
S Z Gm Rmax
t=k 1=v
H
Gmameax —
= Y (-, 31
t==k
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The summation can be computed by letting ) = H — t + 1:

H—k+1 H—Fk+1

. . 1— ,.YH—k+1
o -)=H-k+1)= > Y =H-k+1)—y——. (32)
, , 1—7
Jj=1 Jj=1
Substituting this back gives the bound on the norm of gy:
Gmameax 1- H=k+l
lgu| < mexmex ((H ey M) )) . (33)
-7 -y

The variance is bounded by the second moment, Var[gx] < E[| gx||?]. Since our bound on ||gy | is a
deterministic constant, we have:

2
c y(1 =M
<—|(H-k+1) - —7— 34
Var[gk] = (1 — 7)2 <( + ) 1_ v ) (34)
where C := G2, R2,... this bound decreases monotonically as k increases. O

B DATASETS AND IMPLEMENTATION DETAILS

Table 5: Overview of evaluation benchmarks used in our experiments.

Category Dataset Test Size Description
AIME24! 30 problems 2024 AIME math problems in algebra
and geometry; used to assess advanced
reasoning.
AIME252 30 problems 2025 AIME I&II covering algebra, com-
binatorics, geometry, and number theory.
Math MATH500  (Lightman, 500 problems High-difficulty MATH subset with
et al.| [2023) university-level algebra, calculus, and

number theory.

OlymMath (Sun et al, 200 problems Olympiad-level mathematics to evaluate
2025) the model’s abilities in hard cases.

HotPotQA (Yang et al, 200 QA pairs Wikipedia-based multi-hop QA on com-

2018) plex retrieval and reasoning.

2Wiki (Ho et al., 2020) 200 QA pairs Multi-document QA requiring multi-step

reasoning from two Wikipedia articles.
Factual Musique (Trivedi et al, 200 QA pairs Multi-hop QA benchmark for semantic
2022) understanding and logical inference.
Bamboogle (Press et al., 125 QA pairs Two-hop questions that are challenging
2022) for common web search engines yet have
evidence available on Wikipedia.

GAIA (Mialon et al, 103 queries Reasoning, web navigation, and tool-use
2023) tasks for Al assistant evaluation.
HLE (Phan et al.,[2025) 500 queries Interdisciplinary and abstract problems

demanding advanced reasoning.
Deep Search WebWalker (Wu et al, 100 QA pairs Web-navigation tasks in dynamic, multi-

2025)) hop retrieval settings.
xBench (Chen et al, 200 queries Deep-search test of breadth and depth in
2025)) agent reasoning.

! https://huggingface.co/datasets/HuggingFaceH4/aime 2024
2 https://huggingface.co/datasets/math-ai/aime25

Benchmarks and Evaluation Protocol. We evaluate on exactly the same benchmark datasets and
official test splits as ARPO (Dong et al., 2025b), ensuring a fair comparison. Table [5] shows the
composition and scale of the test benchmark. Open-domain QA tasks are measured using aver-
aged token-level F1 against ground truth, following ARPQO’s protocol, while mathematical reasoning
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Table 6: Comparison with Agent Distillation (Kang et al.| |2025) on mathematical tasks. Results
with a gray background are reported from the original paper. All math tasks are evaluated by exact
match, consistent with the original paper.

Method MATH500 GSM-Hard AIME  OlymMATH  Avg.
Qwen2.5-32B-Instruct

CoT Prompting 79.2 74.6 13.3 6.0 43.3

Agent Prompting 69.2 76.4 21.1 11.5 44.6
Student: Qwen2.5-7B-Instruct

CoT Distillation + RAG 68.0 60.6 6.7 5.0 35.1

Agent Distillation 67.8 72.4 15.6 11.5 41.8

SCoRe-RL 80.2 79.7 21.2 16.0 49.3
Student: Qwen2.5-3B-Instruct

CoT Distillation + RAG 59.6 53.2 5.6 4.5 30.7

Agent Distillation 60.2 65.4 15.6 7.0 37.1

SCoRe-RL 69.2 70.2 18.0 11.0 42.1

and deep search correctness are judged by Qwen?2 .5-72B-Instruct under the LLM-as-a-judge
paradigm (Zheng et al.| [2023).

Supervised Fine-Tuning. For BC-initialization and SCoRe-SFT, we fine-tune all backbones using
the LLaMAFactory framework (Zheng et al., 2024) with a learning rate of 7 x 1075, the AdamW
optimizer with weight decay 0.1, and a global batch size of 128 for 3 epochs. Training employs
DeepSpeed ZeRO-3 (Rasley et al. [2020) and FlashAttention-2 (Dao, 2023) for efficiency, with
BF16 mixed precision and a maximum sequence length of 4096 tokens. All tool execution outputs
are excluded from the loss; we compute the loss only on natural-language reasoning text and tool
invocation requests, ensuring the model focuses on reasoning quality rather than memorizing tool
responses. The training data consists of two distinct categories: search and math. For BC initializa-
tion, we use 2,031 search trajectories and 2,080 math trajectories, while SCoRe-SFT employs 4,990
search and 5,019 math trajectories for correction-based fine-tuning.

Reinforcement Learning. The SCoRe-RL phase performs short-horizon fine-tuning using the
GRPO algorithm (Shao et al., [2024)) within the VERL framework (Sheng et al., [2024). We adopt a
global batch size of 128, PPO mini-batch size of 16, rollout size of 16, and a maximum response
length of 4,096 tokens. Training is conducted for 3 epochs on 8 xNVIDIA H20 GPUs, using 5,271
search trajectories and 5,639 math trajectories.

For factual reasoning datasets, the search tool is implemented via the Google Search API. To reduce
tool-call latency during both training and inference, we include only the textual snippets returned
by the API as the [Observation] content, omitting full browser navigation or long-form sum-
marization. This design substantially reduces retrieval time while preserving sufficient context to
answer queries effectively.

C ADDITIONAL EXPERIMENT RESULTS

Table E]compares CoT Distillation, Agent Distillation, and our proposed SCoRe-RL, with all meth-
ods evaluated using the exact-match metric on math reasoning benchmarks, following Kang et al.
(2025). CoT Distillation trains smaller models to replicate step-by-step reasoning traces gener-
ated by large LLMs via Chain-of-Thought prompting. While simple and effective, its reliance on
static reasoning limits generalization to novel knowledge or precise computation, and can lead to
hallucinations. Agent Distillation (Kang et al.| [2025) transfers both reasoning and tool-use skills
from LLM agents by imitating complete [ Thought-Action-Observation] trajectories. Its
training process is similar to our BC baseline in the main experiments (Tables [T] and [2), but intro-
duces additional enhancements: a first-thought prefix to produce higher-quality trajectories, and a
self-consistent action generation strategy to improve inference robustness.
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Figure 4: Performance of models SFT on MPS-generated data (data scales: 10K, 5K, 2K), compared
to an RL-trained model. For math tasks, performance is measured as agreement between generated
and reference answers, using Qwen?2 .5-72B-Instruct; QA tasks are evaluated using the F1
score for answer similarity. The evaluation protocol matches that used in the main paper.
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Figure 5: Performance comparison of SCoRe-SFT, SCoRe-RL, and a DPO baseline. While DPO
uses the same MPS-generated data as SCoRe-RL in a preference-learning formulation, it yields only
marginal gains over SCoRe-SFT. The evaluation protocol matches that used in the main paper.

Agent Distillation has been shown to outperform vanilla CoT Distillation by incorporating struc-
tured, agent-style reasoning into the distillation process. SCoRe-RL further exploits correction-based
trajectories and RL to deliver substantial performance gains. On Qwen2.5-7B-Instruct,
SCoRe-RL attains an average score of 49.3, a +7.5 improvement over Agent Distillation (41.8),
with notable gains on challenging benchmarks such as AIME (+5.6) and OlymMATH (+4.6). On
Qwen?2.5-3B-Instruct, it raises the average score to 42.1, +5.0 over Agent Distillation (37.1).
These results demonstrate that SCoRe-RL enables small models to achieve significant improvements
beyond existing distillation baselines, narrowing the gap to much larger teacher models.

In the main experiments, SCoRe was trained with SK MPS-generated samples for SFT and another
5K for RL. We further examine whether using all data for SFT yields additional gains, and as-
sess the impact of SFT data scale. As shown in Figure @] for both mathematical and search tasks,
MPS-generated data improves performance; however, increasing the SFT set from 5K to 10K offers
no clear benefit and in some cases slightly degrades results. In contrast, RL training consistently
delivers substantial improvements across tasks, indicating that SFT alone is insufficient, while RL
is particularly effective for agentic-style tasks.

We also compare our SCoRe-RL against a DPO baseline using the same MPS-generated data. As
shown in Figure[5} DPO yields only marginal improvements over SCoRe-SFT, whereas SCoRe-RL
achieves large gains on all four benchmarks. This is because DPO requires high data diversity.
Specifically, DPO requires multiple alternative completions under the same prefix to fully leverage
preference learning. By contrast, SCoRe’s short-horizon RL directly optimizes the policy using true
task-level returns, avoids reliance on large and diverse preference pairs, and stabilizes training by
rolling out from the verified prefix preceding the error.

D PROMPTS USED IN MENTORED PROBLEM-SOLVING

Figure [6|and[7]illustrate how prompts are used to guide the teacher to find the wrong step and correct
it, while Table [7)and 8] present examples of MPS data generation.
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FIND_WRONG_STEP_PROMPT

You are a precise evaluator. Your task is to analyze a step-by-step reasoning process (step 1
is a first-thought prefix, which is an overall idea for solving this problem, and the remaining
steps are the “thought-code cycle”) and determine if the final answer is correct.

INSTRUCTIONS:
1. Review the entire “Thought-Code Cycle” history provided below.
2. Compare the final answer to the true answer.
3. If the answer is correct:
- The “error_analysis”, “correction_start_step”” and “correction_suggestion” fields in your
JSON output should be null.
4. 1If the answer is incorrect:
- Pinpoint the exact step in the cycle where the error occurred in “correction _start_step”.
- Explain the nature of the error (e.g., “The calculation in step 1 was correct, but the
rounding in step 2 was incorrect.”).
- Suggest a specific correction for the erroneous step.
5. Conclude your response with a single JSON object on a new line. The JSON object
must contain the following keys: “is_correct”, “error_analysis”, “correction_start_step”,
“correction_suggestion”.

EXAMPLE (Incorrect Answer):

Question: What is 10/ 3, rounded to the nearest integer?
Correct Answer: 3

Thought-Code Cycle:

Step 1: <first_thought>I will use the math packages of python to solve the
problem. </first_thought>

Step 2:

Thought: I will divide 10 by 3 and then round the result up.
Code:

‘Y 'Ypython

import math

result = math.ceil (10 / 3)

print (result)

Observation: 4

Step 3:

Thought: I will provide the final answer.

Code:

‘Y 'Ypython

final_answer_print ("\\boxed{{result}}")

AN U

Observation: 4

YOUR RESPONSE:

‘*YYjson

{
"is_correct": false,
"error_analysis": "...",
"correction_start_step": 2,

"correction_suggestion": "..."

Figure 6: Prompt for the teacher to find the wrong step
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CORRECT_PROMPT

Question: {original_query}

Previous Context: {previous_context}
Error Step: {error_step}

Failed Experience: {failed_experience}

Based on the above failure analysis, generate the next thought and code to correct the
mistake. Provide only one step of thought and code, not the complete solution.
IMPORTANT:

1. Always provide a 'Thought:” sequence, and a ’Code: “‘python‘ sequence ending
with *“** sequence, else you will fail. For math problems that are not multiple-choice,
always output the final answer using LaTeX \boxed format. Provide the exact value
(e.g., \\boxed{{\\frac{{19}}{{14}}}}, \\boxed{{\\sgrt{{2}}}}), nota
decimal approximation (e.g., \ \boxed{{0.642857}}, \\boxed{{1.41}}).

2.  Write simple and short code for each step, and don’t try to solve the whole problem in
one go. A good code block should only do one thing and include only a brief comment that
explains it.

3. You are given a failed experience, please pay attention to it! BUT Don’t ACT LIKE
YOU’RE CORRECTING A MISTAKE.

4. In the end you have to return a final answer, use the final answer_print tool to
print it, or you will be in an endless loop!

Please only give the *Thought and Code’ for the current cycle.

Figure 7: Prompt template for the teacher to correct the wrong step.
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Table 7: An example of MPS data generation for a math problem, with tagged thoughts
(<thought>), Python code, observations, and final answer (<answer>). Teacher corrections
are highlighted in

Question: In the figure, BA = AD = DC and point D lies on segment BC'. The measure of
LACD is 22.5°. What is the measure of ZABC?

Labeled Answer: 45°

Step 0 (Student overall idea)

<first_thought> To solve this problem, I need to analyze the given geometric configuration
and use the properties of isosceles triangles and angle relationships. Since BA = AD = DC,
triangles ABD and ADC are isosceles. I can use ZACD = 22.5° to find the other angles in
AADC, and then use properties of isosceles triangles to find ZABC. </first_thought>

Step 1 (Student incorrect attempt)

<thought> Since BA = AD = DC, triangles BAC, ABD, and ADC are isosceles. I can
use the fact that ZAC'D = 22.5° to find the other angles in AADC'. </thought>

import math

# Given angle ACD = 22.5 degrees

angle_ACD = 22.5

# Since AD = DC, triangle ADC is isosceles with angle ADC = angle ACD
angle_ADC = angle_ACD

# The sum of angles in a triangle is 180 degrees

angle_CAD = 180 - 2 % angle_ACD

print (angle_CAD)

Observation: 135.0

Teacher correction at Step 1:

<thought> Given ZACD = 22.5° and AD = DC, it follows that ZCAD = LACD =
22.5°. </thought>

# Given angle ACD = 22.5 degrees

angle_ACD = 22.5

# Isosceles triangle ADC: AD = DC, so angle DAC = 22.5 degrees
angle_CAD = angle_ACD

print (angle_CAD)

Observation: 22.5

Step 2 (Student continues after correction)

<thought> Since BA = AD, ABAD is isosceles with ZABD = ZADB. Given LADC,
we find ZADB, then determine ZABC = ZADB. </thought>

# Find angle ADC

angle_ADC = 180 - angle_CAD - angle_ACD

# Angles ADC and ADB are supplementary

angle_ADB = 180 - angle_ADC

# Triangle BAD is isosceles (BA = AD): angle ABC = angle ADB
angle_ABC = angle_ADB

final_answer_print (angle_ABC)

Observation: 45.0

<answer>45.0 </answer>
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Table 8: An example of MPS data generation for a music trivia question, with wrong step and
teacher correction. Teacher corrections are highlighted in

Question: What is the award that the performer of the song “Smoke On The Water” earned?
Labeled Answer: Rock and Roll Hall of Fame

Step 0 (Student overall idea)

<first_thought> To find out the award that the performer of the song “Smoke On The Wa-
ter” earned, I will first need to identify the performer of the song. Once I have the name of the
performer, I can then search for any awards they have won. I will use a search tool to gather this
information. </first_thought>

Step 1 (Correct prefix)

<thought> I need to find out who performed the song “Smoke On The Water” and then search
for any awards they have won. </thought >

web_search ("performer of Smoke On The Water")

Observation: Web Pages: ... (The search results show that “Smoke On The Water” was performed
by Deep Purple, with Ian Gillan as lead singer).

Step 2 (Correct prefix)
<thought> The search results indicate the performer is Deep Purple (lead singer Ian Gillan).
Next, I need to search for any awards that Ian Gillan or Deep Purple have won. </thought>

web_search ("awards won by Ian Gillan")

Observation: Web Pages: ... (Found references to Ivor Novello Award for International Achieve-
ment, Legend Award at 2008 World Music Awards, and Classic Rock Innovator Award).

Step 3 (Student incorrect attempt)

<thought > The most relevant award is the Ivor Novello Award for International Achievement,
received by Ian Gillan, Roger Glover, and Ian Paice of Deep Purple. I will use this as the final
answer. </thought>

final_answer_print ("Ivor Novello Award for International Achievement")

Observation: Ivor Novello Award for International Achievement(Incorrect in context)

Teacher correction at Step 3:

Error Analysis: While Deep Purple members did win the Ivor Novello Award, the question asks
for the award that the performer of “Smoke On The Water” earned. However, the band has not
received this award in any context directly related to “Smoke on the Water”.

<thought > The most significant award for Deep Purple, especially tied to the legacy of “Smoke
On The Water”, is their Rock and Roll Hall of Fame induction in 2016. I will verify this.
</thought>

web_search ("Deep Purple Rock and Roll Hall of Fame")

Observation: Web Pages: ... (Confirmed — Deep Purple inducted into the Rock and Roll Hall of
Fame in 2016).

Step 4 (Student continues after correction)

<thought> Based on confirmation, the correct award is Rock and Roll Hall of Fame.
</thought>

final_answer_print ("Rock and Roll Hall of Fame")

Observation: Rock and Roll Hall of Fame

<answer> Rock and Roll Hall of Fame </answer>
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