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Abstract

Large language models (LLMs) excel at complex reasoning tasks but remain
computationally expensive, limiting their practical deployment. To address this,
recent works have focused on distilling reasoning capabilities into smaller language
models (sLMs) using chain-of-thought (CoT) traces from teacher LLMs. However,
this approach struggles in scenarios requiring rare factual knowledge or precise
computation, where sLMs often hallucinate due to limited capability. In this work,
we propose Agent Distillation, a framework for transferring not only reasoning
capability but full task-solving behavior from LLM-based agents into sLMs with
retrieval and code tools. We improve agent distillation along two complementary
axes: (1) we introduce a prompting method called first-thought prefix to enhance the
quality of teacher-generated trajectories; and (2) we propose a self-consistent action
generation for improving test-time robustness of small agents. We evaluate our
method on eight reasoning tasks across factual and mathematical domains, covering
both in-domain and out-of-domain generalization. Our results show that sLMs as
small as 0.5B, 1.5B, 3B parameters can achieve performance competitive with next-
tier larger 1.5B, 3B, 7B models fine-tuned using CoT distillation, demonstrating
the potential of agent distillation for building practical, tool-using small agents.
Our code is available at https://github.com/Nardien/agent-distillation.
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Figure 1: Performance comparison of different sizes of Qwen2.5-Instruct models [1] on the average accuracy
of four factual reasoning tasks (HotpotQA [2], Bamboogle [3], MuSiQue [4], 2WikiMultiHopQA [5]) and
four mathematical reasoning tasks (MATH [6], GSM-Hard [7], AIME [8], OlymMATH [9]). Distillation is
done using the 32B model as the teacher and models ranging from 0.5B to 7B as students. Agent distillation
consistently improves the performance of smaller models across both domains by enabling them to perform
code execution and retrieve information for tasks adaptively. Full results are provided in Table 2.
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search(query=‘Nvidia stock price history 2015 to 2020 including splits’)

Initial investment: $300 in NVIDIA stock at the 

start of 2015

NVIDIA price in Jan 2015 ≈ $20

Number of shares purchased: 

 $300 ÷ $20 = 10 shares

Stock splits during 2015–2020:

• 2019: 4-for-1 split → 10 × 4 = 40 shares

Price at end of 2020: NVDA ≈ $130 per share

Final value: 40 × $130 = $5,200

T

s

Train query: What would $100 invested in Apple stock in 2010 be worth by 2020?

Initial investment: 

$100 in Apple stock at the start of 2010

• AAPL price in Jan 2010 ≈ $30 (split-adjusted)

Number of shares purchased:

$100 ÷ $30 = 3.33 shares

Stock splits during 2010–2020:

• 2014: 7-for-1 split → 3.33 × 7 = 23.33 shares

• 2020: 4-for-1 split → 23.33 × 4 = 93.33 shares

Price at end of 2020: AAPL ≈ $132 per share

Final value: 93.33 × $132 = $12,320

T
I will search for Apple’s historical stock data from 2010 to 2020, which 

includes both price and split events.

search(query=‘Apple stock price history 2010 to 2020 including splits’)Action

Jan 2010 price (split-adjusted): $30, Dec 2020 price (actual): $132 

Splits: 7-for-1 on June 9, 2014, 4-for-1 on Aug 31, 2020

I’ll get the price in 2010 and 2020, apply split, and compute final value. 

Action
initial_investment = 100; price_2010 = 30; price_2020 = 132
splits = [7, 4]; shares = initial_investment / price_2010
for split in splits: shares *= split
final_value = shares * price_2020; print(final_value)

12,320

Test query: What would $300 invested in Nvidia stock in 2015 be worth by 2020?

s
I will search for Nvidia’s historical stock data from 2015 to 2020, which 

includes both price and split events.

Action

Price in Jan 2015 = $20, Price in Dec 2020 = $130. 

No stock split between 2015 and 2020

I can now compute how many shares $300 would buy in 2015 and their 

value in 2020.

Action initial_investment = 300; price_2015 = 20; price_2020 = 130
shares = initial_investment / price_2015
final_value = shares * price_2020; print(final_value)

1,950
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Figure 2: Concept. Chain-of-Thought (CoT) distillation trains student models to mimic static reasoning traces
from LLMs, but often fails when new knowledge or precise computation is needed at test time. Our proposed
agent distillation instead teaches student models to think and act (e.g., retrieve facts or execute code) offering
stronger generalization and better robustness to hallucination.

1 Introduction

Large language models (LLMs) have achieved remarkable performance across complex real-world
tasks, surpassing average human accuracy on college-level mathematics and demonstrating com-
petence in high-stakes domains [10–12]. However, as LLM usage grows, their high inference cost
becomes increasingly burdensome. While these considerations have motivated growing interest
in smaller language models (sLMs) [13, 14], preserving the problem-solving capabilities of larger
models in sLMs remains challenging. Therefore, a core research question emerges: how can we
preserve LLM-level problem-solving ability in much smaller models?

Although recent advancements in pre- and post-training methods have steadily increased the capabili-
ties of sLMs [15], sLMs still struggle to solve complex tasks at the level of LLMs. To address this,
recent works have explored reasoning distillation, where sLMs are trained to mimic CoT reasoning
traces generated by teacher LLMs through next-token prediction [10, 11, 1, 16, 17].

However, distilled small models are prone to hallucination and often fail to perform accurate cal-
culations [18]. For example, answering the real-world question, “What would $100 invested in
Apple stock in 2010 be worth by 2020?”, requires both factual knowledge about stock history and
arithmetic reasoning. As illustrated in Figure 2, LLMs can correctly answer this question using
CoT by leveraging memorized knowledge and numerical skills. However, simply distilling such
a reasoning trace into an sLM does not guarantee generalization, especially those involving new
knowledge or calculation not observed during distillation due to their limited capability [19].

In this work, we propose Agent Distillation, a framework that moves beyond static reasoning to
distill the ability to take action with tools, from LLM agents (e.g., ReAct [20], CodeAct [21]) into
sLMs through reason-act-observe trajectories. Our goal is to equip sLMs with agentic capabilities:
reasoning through problems, taking actions to use code or retrieval tools, observing outcomes,
and refining their approach—cloning the behavior of LLM agents. This approach offers two key
advantages: (1) sLMs focus on learning how to reason and act to solve problems using tools, rather
than memorizing knowledge and calculations, and (2) they generalize better to new queries requiring
previously unseen facts or calculations. A remaining challenge is whether such complex agentic
behavior can be distilled from a large teacher model (>30B) into a much smaller student (0.5–3B) [1].
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To this end, we introduce two simple but effective methods to aid effective distillation. First, we
propose a first-thought prefix method that aligns agentic reasoning with the teacher model’s instruction-
tuned behavior, improving trajectory quality of teacher agent without additional fine-tuning. These
improved trajectories offer better supervision for sLM distillation. Second, we improve student
robustness at test-time through self-consistent action generation, which samples multiple trajectories
and selects the one yielding a valid and consistent outcome leveraging code interpreter.

We evaluate our agent distillation on four factual (e.g., HotPotQA [2]) and four mathematical (e.g.,
MATH [6]) reasoning benchmarks. For each reasoning type, we consider one in-domain task and
three out-of-domain tasks to test generalization. As in Figure 1, our results show that agent distillation
consistently enhances the problem-solving capabilities of small models of 0.5B to 7B.

To summarize, our work makes the following key contributions:
• We propose Agent Distillation, a framework for training sLMs to imitate trajectories from LLM

agents, enabling agentic behavior without memorizing factual knowledge and calculations.
• We introduce two methods to overcome limitations of naive distillation: (1) a first-thought prefix for

improving teacher trajectory, and (2) self-consistent action generation to boost test-time robustness.
• We validate our method across 8 factual and mathematical reasoning benchmarks, showing strong

performance across domains and student model scales (0.5B-7B) compared to CoT distillation.
• Remarkably, we demonstrate that even 0.5B, 1.5B, and 3B models distilled with our method can

achieve comparable performance to next-tier larger models distilled with CoT on average.

2 Related works

2.1 Reasoning distillation of language models

Large language models (LLMs) have shown strong performance on complex reasoning tasks using
methods like chain-of-thought (CoT) prompting [22, 23]. To transfer these capabilities to smaller mod-
els (sLMs), CoT distillation methods [16, 17, 24–27] train sLMs to reproduce step-by-step reasoning
traces from stronger LLMs. This has proven effective—particularly in mathematical reasoning—and
is now a common component of post-training pipelines [11, 1]. To improve generalization, recent
methods incorporate external tools such as retrieval [19, 28, 29] or code execution [30–32], helping
sLMs focus on transferable reasoning strategies rather than memorization of others. Still, most
existing approaches rely on static demonstrations and lack interaction with the environment.

In contrast, we distill agentic behaviors where models learn the reasoning and tool use during
interactions with environments. This enables sLMs to learn how to act for solving tasks.

2.2 Language agents and agentic reasoning

An agent can be broadly defined as an entity that autonomously pursues goals by observing the
world and acting upon it. Powered by LLMs, early works like ReAct [20, 33] introduced the concept
of language agents—which observe the world, think in natural language, and act to complete the
diverse range of tasks interactively. Since most LLMs are not natively trained for such interaction,
prior works have relied on carefully designed prompts (e.g., few-shot examples) for stronger LLMs,
and fine-tuned weaker LLMs on trajectories from stronger ones [20, 33–42]. Building on foundations,
recent works have pushed language agents toward more advanced agentic capabilities.

Early works focus on teaching LLMs to use tools that enable interaction with external environ-
ments [43–47]. Furthermore, agentic retrieval systems have emerged to support multi-hop reasoning
over real-world knowledge [48–50], while tool-augmented reasoning leverages external capabilities
like code execution to tackle challenging math problems [51–55]. Other approaches promote the
notion of agentic reasoning, enhancing the decision-making and planning capabilities of LLMs for
solving complex tasks with tools through prompting or reinforcement learning [56–58].

Unlike prior work, which primarily focused on fine-tuning LLMs (≥ 7B) on trajectories from
stronger close-sourced LLMs (e.g., GPT-4 [12] in FireAct [34]), our work aims to distill the agentic
capabilities of LLMs into much smaller models (sLMs, ≤ 3B), enabling them to operate as capable
agents. We address key challenges such as improving the quality of teacher trajectories and optimizing
student behavior at test time, building on improved agent framework [21]. We show its effectiveness
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across a range of small models (e.g., 0.5B-3B) and tasks requiring strong knowledge and reasoning
capabilites–an under-explored yet important setting for practical, small language agents.

3 Preliminary

Knowledge Distillation. Knowledge distillation [59] transfers the capabilities of a large teacher
model pT to a smaller student model pS . Modern language models follow the auto-regressive
transformer architecture [60], where a token-level policy predicts the next token given previous
tokens. Given source and target sequences (x,y), distillation optimizes the following objective:

min
θ

E(x,y)∼Dtrain

1

Ly

Ly∑
n=1

D(pT (· | y<n,x) ∥ pS(· | y<n,x; θ)), (1)

where D is a divergence metric (e.g., Kullback–Leibler or Jensen–Shannon divergence), and Ly

denotes the length of the target sequence y.

Reasoning distillation. In reasoning tasks, the target sequence y can be a rationale that solves
the problem step-by-step. Since collecting human-annotated reasoning is expensive, recent ap-
proaches [16, 24, 25, 27] use chain-of-thought (CoT) prompting [23] to generate rationales with large
teacher models and train the student to imitate them:

min
θ

−Ex∼Dtrain,y∼pT (·|x,ICoT)

Ly∑
n=1

log pS(yn | x,y<n; θ), (2)

where ICoT denotes a CoT-style prompt such as “Let’s think step by step.” [23].

4 Agent Distillation

While reasoning distillation is effective and has become a standard post-training technique [11, 1], it
does not equip models with the ability to interact with external environments through actions. Recent
work [20, 21] shows that large models can generate actions grounded in intermediate reasoning,
observe feedback from the environment, and adapt accordingly.

We refer to such interactive sequences as agent trajectories, consisting of repeated cycles of thought
(r), action (a), and observation (o). Given an input x, the teacher model generates a trajectory:

τ = ((r1,a1,o1), . . . , (rLτ
,aLτ

,oLτ
)) ∼ pT (· | x, Iagent), (3)

where Iagent is an instruction prompt for the agent (e.g., “To solve the task, you must plan forward to
proceed in a series of steps, in a cycle of Thought:, Code:, and Observation: sequences” [21, 61]).
Each observation o comes from the environment in response to action a, not generated by the model.

Following prior works [34, 52], we fine-tune the student model on generated trajectories, excluding
observations from the loss:

min
θ

−Ex∼Dtrain,τ∼πT (·|x,Iagent)

Lτ∑
t=1

log pS(rt,at | x, τ<t; θ), (4)

where τ<t = ((r1,a1,o1), . . . , (rt−1,at−1,ot−1)).

This distillation enables student models to function as interactive agents. For instance, a model
distilled from CodeAct [21] can reason about which code snippet to generate, generate actions as
codes (e.g., API calls, loops), and respond to execution feedback. If the interpreter returns an error,
the model can revise the code accordingly; if the output is valid but insufficient (e.g., suboptimal
search results), it can rephrase the query and continue the task adaptively.

Despite its promise, agent distillation presents two key challenges, particularly when applied to small
language models (sLMs). First, agentic behavior often lies out-of-distribution relative to the pre-
training and instruction-tuning distribution of both teacher and student models. As a result, distilling
such behavior may degrade performance on domains where the student is already well-optimized for
CoT-style reasoning. Second, although sLMs are pretrained on large code corpora [62], they may
struggle to produce functional code during inference. Typical failure cases include misformatted code
outputs or incorrect usage of library functions, which hinder the ability of agents to interact.

4



(b) Self-consistent Action Generation

T

s

T

(a) First-thought Prefix

s

Think step-

by-step …
To solve this 

problem …
Identify the 

direction …

You are an 

agent. To solve 

a task, process 

in steps of 

Thought:,

Code:, using 

tools…

Agent

Prompt

Thought: To solve 

this problem…

Code:
x1, y1 = 8, -1
x2, y2 = 10, 2
m = (y2-y1) / 
(x2-x1) ...

1. The slope m of 

line can be found …

…

Distill

…

Question:
Find the equation 

of line given two 

points (8, -1) …

Code: x1, x2 = 8, 10
m = (y2-y1) / (x2-x1)

Code: x1, y1 = 8, -1
x2, y2 = 10, 2
m = (y2-y1) / (x2-x1)

Code: slope = 
(2 - (-1)) / (10 - 8)

Code: x1, x2 = 8, 10
m = x2-x1

Interpreter

Error

1.5

1.5

2

Consistent

Observation

First-thought prefixCoT Prompt

Selected path

Prompt

Teacher

Teacher Agent

Student Agent

Figure 3: (a) First-thought Prefix: We prompt teacher with a CoT prompt to induce step-by-step reasoning.
The first reasoning step is used as a prefix to generate an agentic trajectory, which is then distilled to a student
agent to teach CoT-style reasoning initialization. (b) Self-consistent Action Generation: The agent generates
multiple candidate actions and selects the one with consistent outcomes. Thoughts are omitted for brevity.

First-thought prefix. We observe that instruction-tuned LLMs (e.g., Qwen2.5-32B-Instruct [1]),
when employed as agents, demonstrate reduced performance on challenging problems from
MATH500 benchmarks compared to their performance with CoT prompting [23] (see Appendix D.1
for experimental results). This degradation can further propagate during distillation, negatively
impacting student models where they have also been instruction-tuned on CoT-style data.

We hypothesize that instruction-tuned models, which have already been trained to produce CoT
reasoning to solve the task, can exhibit distributional drift when prompted with agent instructions (e.g.,
Prompt D.2 in Appendix). Although these models are capable of structured reasoning, the additional
instruction to generate reason-act trajectories may override or conflict with their original reasoning
patterns. As a result, the model may deviate from the correct reasoning path it would otherwise
follow under CoT prompting. Since prior studies have shown that the initial reasoning step critically
determines the final conclusion of LLMs [63–65], ensuring that the model begins reasoning in an
appropriate direction during its first action generation becomes essential for maintaining accurate
reasoning.

To this end, we propose the first-thought prefix (ftp). Motivated by the prefix-attack in LLM jail-
breaking works [66–68], this method integrates the initial reasoning step from a CoT prompting as
a prefix to the agent’s first thought as in Figure 3(a). Formally, we modify the trajectory sampling
described in Equation 3 as follows:

y1 ∼ pT (· | x, ICoT), τ = {(r′1,a1,o1), . . . , (rLτ
,aLτ

,oLτ
)} ∼ pT (· | x,y1, Iagent), (5)

where y1 is the first-step of CoT reasoning and r′1 denotes the completed first thought of the agent
following the prefixed first-step y1. Note that this method is only used to generate trajectories from
the teacher agent; the student agent does not explicitly require first-thought prefix during inference.

Self-consistent action generation. We observe that small distilled agents often produce invalid
actions, particularly in the context of CodeAct [21], where invalid actions refer to code that either fails
to execute or throws errors. To improve robustness in action generation, we introduce self-consistent
action generation (sag). Instead of using greedy decoding, we sample multiple N thought-action
sequences for each step through nucleus sampling [69] with a high temperature to encourage diversity.
We then filter out any sequences that result in parsing or execution errors using a lightweight code
interpreter. When all generated actions fail, we retain one randomly selected failed action and feed
its error message back as an observation, allowing the model to self-correct in subsequent steps. To
further ensure correctness, we perform majority voting over the resulting observations [70], selecting
the action whose output is most consistent across samples. For example, in Figure 3(b), the agent
generates four candidate sequences. One result in an interpreter error is filtered out. Among the
remaining three, two produce the same output, so we select one of these two consistent actions as a
final action.

5 Experimental setup

We evaluate our proposed Agent Distillation across benchmarks to test whether small language
models (sLMs) can acquire agentic abilities from a large language model (LLM) agent teacher.
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Table 1: Task categorization with domain and sampled test data size we used.

Task Type Domain Dataset Name Description Test Data Size

Factual
Reasoning

In-domain HotPotQA [2] 2-hop question-answering 500
Out-of-domain Bamboogle [3] 2-hop question-answering 125
Out-of-domain MuSiQue [4] 3-hop question-answering 500
Out-of-domain 2WikiMultiHopQA [5] 2-hop question-answering 500

Math
Reasoning

In-domain MATH [6] College-level math 500
Out-of-domain GSM-Hard [7] Large number arithmetics 500
Out-of-domain AIME [8] Olympiad-level problems 90
Out-of-domain OlymMath [9] Olympiad-level problems 200

Tasks and datasets. We evaluate two categories of reasoning tasks: factual and mathematical. For
each, we assess both in-domain and out-of-domain generalization. We use 1,000 HotPotQA [2] and
2,000 MATH [6] examples for training. For test benchmarks, we summarize them in Table 1. To
reduce evaluation cost, we limit each test set to 500 examples, following Wang et al. [71]. As a metric,
we use exact match for math and llm-as-a-judge [72] using gpt-4o-mini for factual reasoning.

Models. The teacher model is Qwen2.5-32B-Instruct, a 32B parameter instruction-tuned model.
For student models, we use the Qwen2.5-Instruct series with four sizes: 0.5B, 1.5B, 3B, and 7B
parameters. All student models are instruction-tuned prior to distillation [1].

Baselines. We compare two main distillation paradigms: (1) CoT distillation [16], which transfers
static reasoning traces generated using Chain-of-Thought prompting, and (2) our proposed Agent
Distillation, which transfers interactive reason-act-observe trajectories. For CoT distillation, we
add the baseline that uses retrieval-augmented generation [73] in both distillation and inference
for a fair comparison with external knowledge [19, 28, 29]. For ours, we adopt the formulation
from CodeAct [21, 61], where each step consists of a Thought, Action (e.g., Python code), and
Observation. Additionally, we incorporate two proposed methods — distillation using trajectories
through first-thought prefix ftp and self-consistent action generation sag.

Training & inference details. For reproducibility of experiments, we use Wikipedia 2018 as a
knowledge base for both agents and RAG instead of search engine. We use e5-base-v2 [74] as
both document and query embeddings as in Jin et al. [49]. For both CoT and agent, we sample
one trajectory per question from the teacher model and filter out wrong trajectories, resulting in
approximately 2,000 trajectories for distillation.

We fine-tune student models using parameter-efficient tuning with LoRA (rank 64) on all linear
layers [75]. All models are fine-tuned for 2 epochs using a batch size of 8 and a learning rate of
2 · 10−4. All experiments are conducted using four NVIDIA A100 80GB GPUs.

For inference, we use a greedy decoding. For all agents, we set max steps to 5. For sag in main
experiments, we set N = 8 with temperature to 0.4. More details are in Appendix C.

6 Results

Overall results. In Table 2, we find that agent distillation consistently improves performance
across all model sizes. Before distillation, most sizes of models (except 7B) fail to produce effective
agentic outputs via prompting alone, often generating incorrect or unparseable code action. In
contrast, our distilled agents outperform CoT-distilled counterparts, particularly on out-of-domain
tasks across both factual and mathematical domains. These results highlight the effectiveness of
agent distillation in improving generalization of sLMs. Notably, the gains are further amplified by
our two methods–First-thought Prefix (ftp) and Self-consistent Action Generation (sag).

Our findings also demonstrate that agent distillation enables small models to match or exceed
the performance of CoT-distilled models that are 2–4× larger, offering a promising path toward
efficient and capable language agents. Specifically, the 0.5B agent matches the performance of a 1.5B
CoT-distilled model, the 1.5B agent reaches its 3B counterpart, the 3B agent surpasses the 7B CoT
model, and the 7B agent even outperforms the 32B CoT model.
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Table 2: Main results. Distilled agents show the strong performance on most of tasks, especially on out-of-
domain tasks, compared to baselines. ftp = First-Thought Prefix, sag = Self-consistent Action Generation.
Highlighting best among same-sized models. Avg. denotes the average score across all tasks.

In-domain Out-of-domain

Params Method HotPot
QA

MATH
500

MuSi-
Que

Bamb-
oogle

2Wiki
QA

GSM-
Hard AIME Olym-

MATH Avg.

Teacher: Qwen-2.5-Instruct

32B
CoT Prompting 36.8 79.2 12.2 60.8 33.4 74.6 13.3 6.0 39.54

Agent Prompting 56.4 69.2 25.2 58.4 49.8 76.4 21.1 11.5 46.00

Student: Qwen-2.5-Instruct

7B

CoT
Prompting 29.2 71.8 5.8 43.2 29.2 66.6 12.2 7.5 33.19
Distill 31.0 72.6 9.0 44.8 26.8 67.6 10.0 6.5 33.54
Distill + RAG 42.8 68.0 6.6 40.0 27.6 60.6 6.7 5.0 32.16

Agent

Prompting 46.8 56.0 16.8 41.6 45.6 62.2 13.3 10.0 36.54
Distill 51.2 62.2 19.6 52.0 45.2 72.0 11.1 5.5 39.85
+ ftp 55.0 66.6 17.6 56.0 44.6 70.8 14.4 13.0 42.26
+ sag 53.2 64.0 20.6 50.4 48.2 73.4 15.6 9.5 41.86
+ ftpsag 54.4 67.8 19.4 55.2 45.2 72.4 15.6 11.5 42.68

3B

CoT
Prompting 38.6 62.8 6.2 33.6 21.6 60.2 6.7 4.5 29.27
Distill 26.8 61.8 6.4 34.4 25.0 56.8 5.6 5.0 27.72
Distill + RAG 40.6 59.6 4.6 32.0 28.2 53.2 5.6 4.5 28.53

Agent

Prompting 38.6 30.5 8.8 29.6 28.8 25.8 4.4 3.0 21.20
Distill (Ours) 48.4 54.0 13.0 37.6 37.4 64.2 6.7 7.5 33.60
+ ftp 47.6 54.4 13.0 43.2 41.4 63.0 7.8 5.5 34.49
+ sag 48.6 57.4 13.0 36.0 37.4 65.6 0.0 10.0 33.50
+ ftpsag 49.4 60.2 15.8 38.4 41.0 65.4 15.6 7.0 36.60

1.5B

CoT
Prompting 17.8 47.6 3.0 21.6 19.0 49.0 1.1 3.5 20.33
Distill 23.8 46.4 2.0 21.6 18.4 51.0 5.6 1.5 21.28
Distill + RAG 37.6 48.6 4.2 26.4 27.0 48.6 2.2 2.5 24.64

Agent

Prompting 8.6 22.2 1.6 10.4 10.6 9.0 1.1 0.0 7.94
Distill (Ours) 43.0 46.8 9.0 27.2 35.6 54.8 1.1 7.0 28.06
+ ftp 43.6 46.4 8.0 30.4 32.6 60.6 7.8 3.5 29.11
+ sag 43.8 49.8 11.6 31.2 36.6 58.0 7.8 3.5 30.29
+ ftpsag 45.6 50.6 9.2 33.6 33.6 60.6 6.7 4.5 30.55

0.5B

CoT
Prompting 9.2 28.4 0.2 7.2 12.8 25.6 1.1 4.0 11.06
Distill 13.2 28.6 1.4 10.4 23.8 28.6 1.1 2.0 13.64
Distill + RAG 29.2 28.0 1.6 13.6 25.4 27.4 0.0 2.0 15.90

Agent

Prompting 2.4 3.0 0.0 0.8 2.8 5.4 0.0 0.0 1.80
Distill (Ours) 34.6 30.4 7.0 17.6 28.8 31.2 3.3 1.0 19.24
+ ftp 32.4 28.8 3.4 24.0 30.8 36.4 1.1 3.0 19.99
+ sag 34.0 33.8 8.2 13.6 33.0 33.0 4.4 0.0 20.01
+ ftpsag 33.4 34.4 5.6 24.0 31.2 40.8 3.3 2.5 21.90

Table 3: Comparison of performance across general and code-specific models. 32B/1.5B denote general models
and 32B-Coder/1.5B-Coder denote code-specific models. For all models, we apply sag with N = 8.

Teacher Student HotPot
QA

MATH
500

MuSi-
Que

Bamb-
oogle

2Wiki
QA

GSM-
Hard AIME Olym-

MATH Avg.

32B 1.5B 45.6 50.6 9.2 33.6 33.6 60.6 6.7 4.5 30.55
32B-Coder 1.5B 42.6 51.4 10.0 36.8 36.8 60.0 6.7 3.0 30.91
32B 1.5B-Coder 37.8 52.6 8.2 30.4 38.0 59.8 3.3 6.0 29.52
32B-Coder 1.5B-Coder 41.4 49.2 9.4 30.4 37.4 63.6 4.4 5.5 30.17

Factual reasoning results. We find that retrieval improves the performance of CoT-distilled models
on factual reasoning benchmarks. However, due to its static nature, it can degrade performance on
tasks requiring dynamic or adaptive information use, such as mathematical reasoning. In contrast,
our distilled agents outperform even RAG-enhanced CoT models. This is because agent distillation
equips the model to actively retrieve and integrate knowledge during reasoning, rather than relying
solely on pre-fetched documents that may be insufficient or misaligned with the task.

Math reasoning results. On mathematical reasoning tasks, our distilled agents demonstrate strong
overall performance. The 1.5B, 3B, and 7B models show improvements on the AIME and Olym-
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Table 4: Comparison of performance across Llama-3.2-1B-Instruct [11] and Phi-4-mini-instruct [76]
models. Teacher model is Qwen-2.5-32B-Instruct. Performance trends are consistent to results in Table 2.

Student Model Method HotPot
QA

MATH
500

MuSi-
Que

Bamb-
oogle

2Wiki
QA

GSM-
Hard AIME Olym-

MATH Avg.

Llama-3.2-1B
-Instruct

CoT Prompting 13.2 28.8 1.2 14.4 8.0 19.0 1.1 2.5 11.53
Distill 18.2 25.6 2.6 25.6 19.0 13.8 1.1 2.0 13.23

Agent
FT 36.0 34.6 2.6 11.2 26.4 40.4 1.1 2.0 19.54
+ ftp 37.6 32.8 3.6 24.0 30.8 45.0 1.1 1.5 22.93
+ ftpsag 40.6 40.0 3.2 23.2 30.0 47.8 1.1 3.0 23.97

Phi-4-mini
-instruct (3.8B)

CoT Prompting 24.2 53.8 6.0 38.4 24.2 49.6 5.6 4.5 25.04
Distill 24.4 63.2 5.8 33.6 24.8 54.8 6.7 7.0 27.41

Agent
Distill 48.2 52.4 8.8 27.2 33.6 69.4 5.6 6.0 31.52
+ ftp 45.2 60.0 7.2 34.4 39.2 71.2 10.0 7.5 34.58
+ ftpsag 47.0 65.6 9.6 32.0 41.0 73.0 11.1 7.0 35.79
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Figure 4: Performance comparison on the MATH subcategories and levels between CoT and Agent
distillation of 3B models. Left: Accuracy by problem category. Right: Accuracy by problem difficulty level.
The results highlight that ftp improves the performance of small agents in harder problems.

MATH benchmarks, benefiting from code tool use for complex calculations acquired through distilla-
tion. On GSM-hard, agent distillation improves robustness in reasoning over rare number combina-
tions, such as 6-digits arithmetic. While performance on MATH500 lags behind CoT-distilled models
in 3B and 7B models, we attribute this to the Qwen2.5 series being heavily instruction-tuned on
college-level math, which may align better with CoT. Furthermore, we conjecture that larger models
(3B and 7B) possess stronger internal computation skills, making tool use less beneficial on bench-
marks like MATH500, while smaller models benefit more from external code execution. Nonetheless,
agent distillation remains effective for larger models on harder math problems (e.g., GSM-Hard,
OlymMATH), where the agentic method yields consistent gains. Overall, agent distillation delivers
substantial gains across a wide range of math tasks. We provide a detailed breakdown in Section 7.

7 Analysis

Code-specific teacher yields better students—marginally. We primarily study general instruction-
tuned models for both the teacher and student agents, as shown in Table 2. Given that CodeAct [21]
requires generating code to perform actions, a natural question arises: Can we obtain better agents by
using code-specific models for the teacher or student in the agent distillation process?

To explore this, we conduct the same set of experiments using Qwen2.5-Coder-32B-Instruct
as the teacher and Qwen2.5-Coder-1.5B-Instruct as the student [77]. The results, presented
in Table 3, suggest that the use of a code-specific student model does not significantly impact
performance. Instead, the choice of a code-specific model as the teacher appears to be more
influential in generating effective trajectories for distillation. Nevertheless, the overall improvements
are marginal on average, indicating that code-specific post-training has limited impact, which suggests
the code knowledge is not critical bottleneck of the student.

Agent distillation applies across different model families. We further validate whether the
improvements from our method generalize across different language model families. In Table 4,
we conduct experiments with two additional student models, Llama-3.2-1B-Instruct [11] and
Phi-4-mini-instruct [76]. Results show that both models benefit from agent distillation com-
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Figure 6: Generated token counts comparisons in 3B models.
For factual reasoning tasks (HotpotQA, MuSiQue), agent gener-
ates more tokens than CoT. In contrast, for math reasoning tasks
(MATH, AIME), CoT generates slightly more tokens than agent.

pared to CoT distillation. Moreover, both ftp and sag yield consistent improvements across the two
models, demonstrating that our proposed method is broadly applicable to different model families.

First-thought prefix improves the agents on more complex reasoning problems. In Table 2, we
observe that agent distillation does not improve performance on MATH500 compared to CoT distilla-
tion, particularly for the 3B model. To investigate further, we break down MATH500 performance by
both problem category and difficulty level.

Interestingly, naive distillation degrades the performance of distilled 3B agent on most of levels.
However, when using teacher trajectories with a first-thought prefix, distilled 3B agent shows
improved performance on level 4 and 5 problems–with especially significant gains at level 5.
These results suggest that trajectories from ftp help student agents become more robust on complex
reasoning tasks, a trend also observed in the challenging AIME benchmark in Table 2.

However, a remaining concern is the performance drop in certain categories—most notably, a decline
in precalculus. Our analysis suggests that this degradation is primarily due to the nature of certain
problem types that require an analytic approach rather than straightforward calculations (e.g., applying
properties of trigonometric functions). Such problems are harder to solve using code tools. We
explore this issue in detail in Appendix D.

Self-consistency improves CoT, but the agent with SAG still performs better. Self-consistent
action generation (sag) enhances small agents by filtering out invalid code actions and retaining only
those that are consistent with observations. Similarly, self-consistency [70] can be applied at test time
in Chain-of-Thought (CoT) reasoning to improve performance without relying on an external verifier.

A natural question is whether CoT with self-consistency, using the same computational budget, can
outperform an agent with sag. To investigate this, we conduct experiments using self-consistency [70]
on CoT-distilled small language models (sLMs), applying majority voting over multiple samples.

As shown in Figure 5, in the MATH benchmark—where CoT already surpasses the agent with sag—
self-consistency further improves the performance of the CoT-distilled model. However, in the more
challenging AIME benchmark, the small agent with sag still outperforms the CoT-distilled model un-
der the same generation budget. Moreover, in factual reasoning tasks such as HotpotQA and MuSiQue,
self-consistency yields only marginal gains, suggesting limited effectiveness in these settings.

How many tokens should agents generate? A natural question is whether a distilled agent should
generate significantly more tokens than a CoT-distilled model, potentially affecting the efficiency and
practicality of small models. To investigate this, we analyze token counts on two factual and two
math reasoning tasks using 3B distilled models.

As shown in Figure 6, there is no significant difference in total token generation between the two
approaches across both domains. In factual reasoning, the agent tends to generate more tokens due to
making multiple retrieval calls across several steps to gather accurate information. In contrast, in math
reasoning, the agent generates fewer tokens than CoT models by delegating repetitive calculations to
code execution, often leveraging logical structures like for-loops.
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SAG significantly reduces invalid code actions. In Figure 7, we show the effect of self-consistent
action generation (sag). sag reduces the generation of codes with both parsing and code execution
errors. This result indicates that the small distilled agent is capable of generating valid code but
the likelihood of generating valid code tends to decrease with smaller model sizes. sag mitigates
this issue by sampling multiple actions per turn, increasing the likelihood of generating a valid one.
Nevertheless, execution errors may still occur, in which case the agent uses the error message as
feedback to revise its code in the next turn.

Larger agents make more retrieval calls, FTP reduces them We analyze how frequently agents
use the retrieval tool across different model sizes and factual reasoning benchmarks. As shown
in Figure 8, larger models tend to make more retrieval calls than smaller ones, likely because they are
better distilled from teacher trajectories and more effective at formulating queries and deciding when
to retrieve information. In contrast, smaller models may underuse retrieval due to weaker judgment
or limited capacity. For instance, they often over-rely on an initially retrieved document, even when it
lacks the necessary information, rather than attempting a new retrieval.

Interestingly, we find that the first-token prefix (ftp) leads agents to make fewer retrieval calls. As
shown in Table 2, ftp improves performance in Bamboogle, but results are mixed in HotpotQA
and MuSiQue, possibly due to reduced retrieval. One explanation is that ftp encourages generating
factual statements in thought process, which can lead agents—especially smaller ones—to utilize their
internal knowledge instead of retrieving them, increasing the risk of hallucination. These findings
suggest that the composition of teacher trajectories plays a crucial role in helping student models learn
effective tool use, especially for solving complex tasks. We include more analysis in Appendix D.

8 Conclusion

We proposed Agent Distillation, a framework for transferring agentic behavior and tool use from
LLMs to small language models (sLMs). By introducing first-thought prefix and self-consistent
action generation, we improve both the quality of teacher trajectories and student robustness at test
time. Our experiments show that distilled small agents can match or outperform next-tier larger
models trained via CoT distillation, especially on out-of-domain tasks. These results highlight agent
distillation as a practical path for building capable, tool-using small models for real-world problems.

Limitations & Future Works. While our method shows strong overall performance, it also
highlights several open challenges. The first-thought prefix (ftp) improves agent distillation on
average, underscoring the importance of high-quality teacher trajectory generation for effective
distillation. However, ftp can sometimes degrade performance, especially when the model generates
facts during reasoning instead of leveraging tools (Figure 8). This highlights the need for improved
agentic trajectory generation strategies that align with the behavior and limitations of small models.

The success of self-consistent action generation (sag) (Figure 7) suggests the potential of test-time
compute scaling and opens up opportunities for incorporating process-level reward models [78, 79].

Finally, while agent distillation enhances the sLMs through agentic behavior, it does not directly
improve their core reasoning abilities. Reinforcement learning in tool-augmented environments [48,
54, 80] could further refine these models post-distillation across diverse domains.
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A Limitations

In addition to the discussion in Section 8, we outline here several additional limitations of our study.

First, our experiments are limited to the Qwen2.5 model series [1]. While we expect our proposed
approach to generalize across model families, we have not validated its effectiveness on other widely-
used language models such as LLaMA [11] or Gemma [81]. Extending our study to these models
would strengthen the generality of our findings and remains an important direction for future work.

Second, we only distill from a single teacher model (Qwen2.5-32B). Using stronger or larger teacher
models—particularly proprietary closed-source models like GPT-4 [12]—may lead to further perfor-
mance gains in student agents. However, such experiments were not feasible due to computational
and budget constraints.

Third, we do not investigate the effect of the number of teacher trajectories per question on student
performance, which has been shown to be an important factor in prior CoT distillation research [16,
19]. Exploring this variable could offer further insights into how to optimize agent distillation.

Lastly, our current work focuses exclusively on agents that utilize retrieval and code execution tools
to solve real-world problems that the general LLM can solve without tools. Other agent applications–
such as embodied agents [82] or web-based agents [83]—remain unexplored. Future research could
extend agent distillation to these broader settings, leveraging tool-augmented environments such as
web browsers, simulators, or desktop interfaces. In particular, integration with frameworks like the
Model Context Protocol (MCP) [84] could further enhance the capabilities of small agents across
diverse real-world tasks. Furthermore, ensuring safety during code execution is crucial, as unsafe
operations generated by small language model agents can be irreversible or harmful. A promising
direction is to apply safety-tuned decoding to reduce the likelihood of generating unsafe code or to
execute code within sandboxed environments such as Docker or E2B [85].

B Broader impacts

This work contributes toward the development of small language agents capable of running on local
devices, enabling functional on-device AI that can retrieve information from external knowledge
sources (including the web) and perform code-based action to complete complex tasks.

On the positive side, this advancement promotes more accessible and inclusive AI by lowering the
hardware and computational barriers for deployment. It opens opportunities for broader adoption
of AI agents in resource-constrained or privacy-sensitive domains, such as healthcare, where data
locality and privacy are critical.

However, there are potential risks. Since our distilled agents are capable of retrieving web information
and executing code, they could be misused to automate malicious behaviors, such as generating
harmful scripts or launching unauthorized attacks. Addressing these concerns will require the
integration of robust safeguards, including behavior monitoring, tool-use restrictions, and secure
deployment practices. We highlight this as an important avenue for future research and responsible
development.

C Implementation details

Prompts and agent framework. For CoT prompt, we use the prompt in Prompt D.1 for both math
and factual reasoning. For agent prompt, we use the prompt from smolagents library [61]. We
present the part of prompt in Prompt D.2.

As an agent framework, we use the CodeAct [21] implemented in smolagents. We only include the
retriever for wikipedia as a tool with the name of web_search.

For student model, we use the same prompt for CoT reasoning. For agent, we only remove few-shot
demonstrations as it is no longer needed after fine-tuning.

Training dataset details. We use 1000 HotPotQA [2] and 2000 MATH [6] examples for training.
Specifically, we only use 1000 hard examples from HotPotQA and 1000 level 2-3 examples, 1000
level 4-5 examples from MATH dataset. We prompt LLM to generate trajectories for both CoT
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Table 5: Comparison of CoT and Agent approaches on Qwen2.5-32B-Instruct across training dataset. ftp
denotes the first-thought prefix. Hard denotes level 4-5 and medium denotes level 2-3 questions.

Model HotpotQA MATH (hard) MATH (medium)

CoT Qwen2.5-32B-Instruct 40.9 71.1 89.8

Agent Qwen2.5-32B-Instruct 59.3 58.4 78.4
Qwen2.5-32B-Instruct + ftp 60.8 67.1 83.4

and agent and filter out wrong trajectories based on the correctness of predicted answer. After
filtering, we use approximately 2,000 trajectories to train the small models. The exact number varies
depending on the performance of the teacher models on the training dataset, which we present details
in Appendix D.1.

D Additional analysis

D.1 Teacher model performance on training dataset

In Section 4, we propose that the first-thought prefix improves teacher performance on hard math
problems. To support this, we present teacher model results on the training set in Table 5. We observe
that the LLM agent outperforms a chain-of-thought (CoT) prompted LLM in factual reasoning,
as the LLM relies heavily on prompting to use tools effectively—and proper tool use contributes
significantly to performance. However, the performance of the LLM agent on math tasks drops
considerably, especially on harder (level 4–5) problems.

In such cases, adding the first-thought prefix helps recover some of the lost performance, as discussed
in Section 4. These results suggest that simply prepending the first CoT step to the agent’s reasoning
improves its capabilities, which in turn benefits distillation, as shown in Table 2.

D.2 Failure case analysis of agent on the math subcategory

In example D.1, we present a failure case of the distilled 3B agent on a level 2 precalculus problem.
In this instance, the generated code produces a decimal result, which is not the correct form for an
answer expected in radians. Although the agent attempts a conversion in its reasoning, it ultimately
produces an incorrect radian value.

Examples D.2 and D.3 involve more challenging level 4 precalculus problems. In Example D.2, for
instance, the agent makes a conceptual error in its reasoning by misidentifying the appropriate range
for the angle θ.

These examples suggest that the agent struggles particularly with problems requiring analytic
reasoning—such as understanding the properties of trigonometric functions—rather than straightfor-
ward computation.

D.3 Deeper analysis on the first-thought prefix

Effects on mathematical reasoning. As discussed in Section 4, the inclusion of a first-thought
prefix (ftp) influences the initial reasoning patterns of the agent. In this section, we analyze how
this prefix affects student agents distilled from trajectories both with and without the ftp, using
representative examples.

In examples D.4 and D.5, drawn from the MATH500 dataset, we compare the reasoning approaches
of distilled 3B agents with and without the ftp. Without the prefix (Example D.4), the agent’s
initial reasoning begins with a descriptive analysis, e.g., “The problem is asking...,” focusing on
understanding the question. In contrast, with the prefix (Example D.5), the agent begins with a goal-
oriented plan, e.g., “To find the smallest positive real number...,” which mirrors a chain-of-thought
(CoT) strategy.

This shift illustrates that the ftp nudges the agent toward a more proactive and structured reasoning
style, which might be beneficial in domains requiring multi-step reasoning (e.g., challenging math
problems).
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Table 6: Effect of temperature on math reasoning performance after agent distillation. The experiments are done
with Qwen2.5-1.5B-Instruct with both ftp and sag. Bold numbers indicate the best results in each column.

Temperature MATH500 GSM-Hard AIME OlymMATH Avg (Math)

0.2 48.0 60.2 7.8 3.5 29.87
0.4 50.6 60.6 6.7 4.5 30.59
0.6 50.8 61.8 4.4 4.5 30.39
0.8 52.4 61.8 4.4 3.5 30.54
1.0 51.0 63.8 6.7 3.5 31.24

Table 7: Average and standard deviation across 5 different seeds in inference for agent distilled Qwen2.5-Instruct
model scales on AIME with both ftp and sag.

Model Avg Std

0.5B 2.00 0.93
1.5B 6.23 0.61
3B 14.44 1.36

Effects in factual reasoning. As shown in Figure 8, the use of the first-thought prefix (ftp)
consistently reduces the number of retrieval tool calls made by distilled agents. To better understand
this phenomenon, we include illustrative examples from the Bamboogle dataset.

Examples D.6 and D.7 demonstrate cases where the ftp causes the distilled agent to generate factual
knowledge internally rather than retrieving it. This question requires identifying the founder of
geometry, the city associated with that individual, and the founder of that city.

In Example D.6, the agent (with ftp) directly generates the statement “The founder of geometry,
Euclid” without making a retrieval call. In contrast, in Example D.7, the agent (without ftp) uses the
retrieval tool to search for the founder of geometry, which reduces the risk of hallucination.

This pattern helps explain the behavior observed in Figure 8: while ftp can reduce the number of
tool calls, it may also increase the likelihood of factual errors due to hallucination, as the agent relies
more on internally generated knowledge.

D.4 Deeper analysis on the self-consistent action generation

Temperature ablation To examine the effect of sampling temperature in self-consistent action
generation (sag), we evaluate the distilled Qwen2.5-1.5B-Instruct student model across temper-
atures of 0.2, 0.4, 0.6, 0.8, and 1.0 on MATH500, GSM-Hard, AIME, and OlymMATH. As shown
in Table 6, performance remains relatively stable across all settings, with variations within roughly
2%. While higher temperatures (e.g., T = 1.0) slightly improve average accuracy by increasing
action diversity, lower values (e.g., T = 0.4) also yield comparably strong results. These findings
suggest that sag is insensitive to the precise temperature choice, and we adopt T = 0.4 in the main
experiments as a balanced configuration between diversity and reliability.

Variance analysis Since we stochastically sample trajectories from the model in sag, randomness
can introduce variation in evaluation results. This effect can be particularly noticeable for AIME,
which contains only 90 questions and thus can exhibit higher variance due to its small size. To
verify that our method yields consistent performance regardless of randomness (e.g., random seed),
we conduct inference five times with different random seeds on AIME. As shown in Table 7, the
observed variance is small, corresponding to only one or two questions of difference across runs.

D.5 Full fine-tuning vs. LoRA

All of our main experiments employ LoRA [75], owing to its low memory footprint and ease of
deployment through compact adapter weights. To assess whether full fine-tuning can offer additional
benefits in terms of performance, we fine-tune the Qwen2.5-1.5B-Instruct model for two epochs
with a learning rate of 1 × 10−5 fixing other hyperparameters unchanged compared to LoRA. As
shown in Table 8, full fine-tuning yields lower average performance than LoRA-based training. While
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Table 8: Comparison between LoRA and full fine-tuning (FT) on Qwen2.5-1.5B-Instruct.
Method Hotpot. MATH MuSiQue Bamb. 2Wiki. GSM-H. AIME Olym. Avg.

Agent Distill (LoRA) 43.6 46.4 8.0 30.4 32.6 60.6 7.78 3.5 29.11
Agent Distill (Full FT) 40.6 45.2 6.2 20.0 35.0 52.0 4.44 6.5 26.24

further hyperparameter tuning may improve the results, this trend suggests that full fine-tuning is
more prone to overfitting and generalizes less effectively, making parameter-efficient adaptation
preferable for agent distillation.
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Prompt D.1: Prompt for Chain-of-Thought Reasoning

You are an expert assistant who can answer the given question accurately and provide
clear reasoning.

When answering questions, follow these guidelines:

1. Provide a clear and structured reasoning first
2. Follow up with a final answer, must in the <answer> </answer> tag. For example,
<answer> xxx </answer>.
3. The answer must be succinct and final. For math problems, return the answer using
LaTeX in the \boxed format.
4. If the question requires multiple steps or facts, break down your reasoning accordingly
5. Be precise and factual in your responses
6. If you’re unsure about something, acknowledge the uncertainty

Now, please answer the following question:

Prompt D.2: Prompt for Agent

You are an expert assistant who can solve any task using code blobs. You will be given a
task to solve as best you can.
To do so, you have been given access to a list of tools: these tools are basically Python
functions which you can call with code.
To solve the task, you must plan forward to proceed in a series of steps, in a cycle of
Thought:, Code:, and Observation: sequences.

At each step, in the Thought: sequence, you should first explain your reasoning towards
solving the task and the tools that you want to use.
Then in the Code: sequence, you should write the code in simple Python. The code
sequence must end with <end_code> sequence.
During each intermediate step, you can use print() to save whatever important infor-
mation you will then need.
These print outputs will then appear in the Observation: field, which will be available
as input for the next step.
In the end you have to return a final answer using the final_answer tool.
For math problems, if not specified, always return LaTex format as the final answer.
... (ellipsis) ...
Here are the rules you should always follow to solve your task:
1. Always provide a Thought: sequence, and a Code:“‘py sequence ending with
“‘<end_code> sequence, else you will fail.
2. Use only variables that you have defined!
3. Always use the right arguments for the tools. DO NOT pass the arguments as a
dict as in answer = wiki(‘query’: “What is the place where James Bond
lives?"), but use the arguments directly as in answer = wiki(query=“What is
the place where James Bond lives?").
4. Take care to not chain too many sequential tool calls in the same code block, espe-
cially when the output format is unpredictable. For instance, a call to search has an
unpredictable return format, so do not have another tool call that depends on its output
in the same block: rather output results with print() to use them in the next block.
5. Call a tool only when needed, and never re-do a tool call that you previously did with
the exact same parameters.
6. Don’t name any new variable with the same name as a tool: for instance don’t name a
variable final_answer.
7. Never create any notional variables in our code, as having these in your logs will
derail you from the true variables.
... (ellipsis) ...
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Example D.1: Failure case 1 of Agent in Precalculus (level 2)

Problem: Compute arcsin
(
− 1

2

)
. Express your answer in radians.

Agent:
Thought: To compute arcsin

(
− 1

2

)
, we need to find the angle θ such that sin(θ) = − 1

2 and θ lies
within the range of the arcsine function, which is [−π

2 ,
π
2 ].

Code:

1 import math
2

3 # Calculate the arcsine of -1/2
4 theta = math.asin ( -1/2)
5 print(theta)

Observation: -0.5235987755982989
Thought: The output from the code snippet is the value of θ in radians. However, the task requires
the answer to be in LaTeX format and as an exact value, not a decimal approximation. The value
of θ is 5π

6 , which is the exact value of the arcsine of − 1
2 within the range of the arcsine function.

Code:

1 final_answer("\boxed{\frac {5\pi}{6}}")

Observation:
5π

6
(wrong)

CoT:
To compute arcsin

(
− 1

2

)
, we need to find the angle θ such that sin(θ) = − 1

2 and θ lies within
the range of the arcsine function, which is [−π

2 ,
π
2 ].

1. Recall that sin(θ) = − 1
2 corresponds to the sine of an angle in the unit circle where the

y-coordinate is − 1
2 .

2. The sine function is negative in the third and fourth quadrants. However, since the range of the
arcsine function is [−π

2 ,
π
2 ], we are only interested in the fourth quadrant for this problem.

3. The reference angle for sin(θ) = 1
2 is π

6 . Therefore, the angle in the fourth quadrant that has a
sine value of − 1

2 is −π
6 .

Thus, the angle θ such that sin(θ) = − 1
2 and θ ∈ [−π

2 ,
π
2 ] is −π

6 .

−π

6
(correct)
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Example D.2: Failure case 1 of Agent in Precalculus (level 4) part 1

Problem: Let f(x) = (arccosx)2 + (arcsinx)2. Find the range of f(x). All functions are in
radians.

Agent:
Thought: To find the range of the function f(x) = (arccosx)2 + (arcsinx)2, we start by using
the identity that relates the arccosine and arcsine functions:

arccosx+ arcsinx =
π

2
.

Let θ = arccosx. Then arcsinx = π
2 − θ. Substituting these into the function, we get:

f(x) = θ2 +
(π
2
− θ

)2

.

Expanding the expression, we have:

f(x) = θ2 +
(π
2

)2

− πθ + θ2 = 2θ2 − πθ +
(π
2

)2

.

This is a quadratic function in terms of θ. To find the range of f(x), we need to determine the
range of θ and then find the minimum value of the quadratic function over this range.
The range of θ is [0, π

2 ]. We can find the minimum value of the quadratic function f(θ) =

2θ2 − πθ +
(
π
2

)2
by completing the square or using the vertex formula for a quadratic function

ax2 + bx+ c, which is x = − b
2a . Let’s find the minimum value of f(θ) using the vertex formula.

Code:

1 from sympy import symbols , diff , solve , pi
2

3 # Define the variable and function
4 theta = symbols(’theta’)
5 f_theta = 2* theta **2 - pi*theta + (pi/2)**2
6

7 # Find the derivative of the function
8 f_prime_theta = diff(f_theta , theta)
9

10 # Solve for the critical points
11 critical_points = solve(f_prime_theta , theta)
12 print(critical_points)

Observation: [π/4]
Thought: The critical point is θ = π

4 . We can now evaluate the function f(θ) at this point to find
the minimum value of the function. Let’s evaluate f(θ) at θ = π

4 .
Code:

1 # Evaluate the function at the critical point
2 theta_critical = pi / 4
3 f_theta_critical = f_theta.subs(theta , theta_critical)
4 print(f_theta_critical)

Observation: π2/8
Thought: The minimum value of the function f(θ) at θ = π

4 is π2

8 . Since the function is a
quadratic function that opens upwards (the coefficient of θ2 is positive), the minimum value is the
only value in the range of f(x). Therefore, the range of f(x) is

[
π2

8 ,∞
)

.
Let’s use the final_answer tool to provide the final answer in LaTeX format.
Code:

1 final_answer("\boxed{\left[ \frac{\pi^2}{8} , \infty \right)}")

Observation:
[
π2

8
,∞

)
(wrong)
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Example D.3: Failure case 1 of Agent in Precalculus (level 4) part 2

Problem: Let f(x) = (arccosx)2 + (arcsinx)2. Find the range of f(x). All functions are in
radians.

CoT:
To find the range of the function f(x) = (arccosx)2 + (arcsinx)2, we start by using the
relationship between arccosx and arcsinx. Recall that for any x ∈ [−1, 1],

arccosx+ arcsinx =
π

2
.

Let θ = arccosx. Then arcsinx = π
2 − θ. Substituting these into the function f(x), we get

f(x) = θ2 +
(π
2
− θ

)2

.

Expanding the expression, we have

f(x) = θ2 +
(π
2
− θ

)2

= θ2 +
(π
2

)2

− πθ + θ2 = 2θ2 − πθ +
π2

4
.

This is a quadratic function in terms of θ. To find the range of f(x), we need to determine the
range of θ as x varies from −1 to 1. Since θ = arccosx, θ ranges from 0 to π. We need to find
the minimum and maximum values of the quadratic function g(θ) = 2θ2 − πθ + π2

4 over the
interval [0, π].
The vertex of the parabola g(θ) = 2θ2 − πθ + π2

4 occurs at θ = − b
2a = π

4 . Evaluating g(θ) at
the vertex and at the endpoints of the interval [0, π]:
1. At θ = 0:

g(0) = 2(0)2 − π(0) +
π2

4
=

π2

4
.

2. At θ = π:

g(π) = 2(π)2 − π(π) +
π2

4
= 2π2 − π2 +

π2

4
= π2 +

π2

4
=

5π2

4
.

3. At θ = π
4 :

g
(π
4

)
= 2

(π
4

)2

− π
(π
4

)
+

π2

4
= 2 · π

2

16
− π2

4
+

π2

4
=

π2

8
.

The minimum value of g(θ) is π2

8 and the maximum value is 5π2

4 . Therefore, the range of f(x) is[
π2

8
,
5π2

4

]
.

Thus, the range of f(x) is
[
π2

8
,
5π2

4

]
. (correct)
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Example D.4: Comparison of first-thought prefix

Problem: Find the smallest positive real number C for which∥∥∥∥(2 3
0 −2

)
v

∥∥∥∥ ≤ C∥v∥

for all two-dimensional vectors v.
Note that for a two-dimensional vector a, ∥a∥ is the magnitude of a.

Small Agent distilled from trajectories without ftp:
Thought: The problem is asking for the smallest positive real number C for which the inequality
holds for all two-dimensional vectors v. This is a problem of finding the spectral radius of the
matrix. The spectral radius of a matrix is the largest absolute value of its eigenvalues. I will first
find the eigenvalues of the matrix, then find the largest absolute value of the eigenvalues, and that
will be the value of C.
Code:

1 import numpy as np
2

3 # Define the matrix
4 A = np.array ([[2, 3], [0, -2]])
5

6 # Find the eigenvalues
7 eigenvalues = np.linalg.eigvals(A)
8

9 # Find the largest absolute value of the eigenvalues
10 C = max(abs(eigenvalues))
11

12 print(C)

Observation:
2.0
Thought: The code has executed and the value of C has been found. Now I will return the final
answer using the final_answer tool.
Code:

1 final_answer("\boxed {2}")

Observation: 2 (wrong)
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Example D.5: Comparison of first-thought prefix (cont.)

Problem: Find the smallest positive real number C for which∥∥∥∥(2 3
0 −2

)
v

∥∥∥∥ ≤ C∥v∥

for all two-dimensional vectors v.
Note that for a two-dimensional vector a, ∥a∥ is the magnitude of a.

Small Agent distilled from trajectories with ftp:
Thought: To find the smallest positive real number C for which the inequality∥∥∥∥(2 3

0 −2

)
v

∥∥∥∥ ≤ C∥v∥

holds for all two-dimensional vectors v, we need to analyze the norm of the matrix-vector product.
The norm of the matrix-vector product can be computed as the maximum singular value of the
matrix. The singular values of a matrix are the square roots of the eigenvalues of the matrix

multiplied by its transpose. For a 2x2 matrix A =

(
a b
c d

)
, the singular values are the square

roots of the eigenvalues of ATA.

Let’s compute the singular values of the matrix A =

(
2 3
0 −2

)
.

Code:

1 import numpy as np
2

3 # Define the matrix
4 A = np.array ([[2, 3], [0, -2]])
5

6 # Compute the singular values of the matrix
7 singular_values = np.linalg.svd(A, compute_uv=False)
8 print(singular_values)

Observation:
[4. 1.]

Thought: The singular values of the matrix A =

(
2 3
0 −2

)
are 4 and 1. The maximum singular

value is 4. Therefore, the smallest positive real number C for which the inequality holds for all
two-dimensional vectors v is the maximum singular value.
Code:

1 # The maximum singular value is the smallest C
2 C = max(singular_values)
3 final_answer(C)

Observation: 4 (correct)
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Example D.6: Illustrative case of first-thought prefix in factual reasoning

Problem: Who founded the city where the founder of geometry lived?

Small Agent distilled from trajectories with ftp:
Thought: To answer this question, we need to identify the city where the founder of geometry,
Euclid, lived and then determine who founded that city.
Code:

1 euclid_birthplace = web_search(query="where did Euclid live")
2 print(f"Euclid lived in {euclid_birthplace }.")

Observation:
Euclid lived in
(...)
"Euclid, Ohio"
Euclid, Ohio Euclid is a city in Cuyahoga County, Ohio, United States. It is an inner ring suburb
of Cleveland. As of the 2010 census, the city had a total population of 48,920. In 2009, Euclid
celebrated its bicentennial. The city was named after Euclid, the Greek mathematician. The city
was settled in 1796 and became a township in 1809. Euclid then became a village in 1903 and a
city in 1930, during the Great Depression. The city (then a village) was the primary appealing
party in the landmark case ""Village of Euclid v. Ambler Realty Co."". Euclid is located
(...)

Thought: From the search results, we can see that Euclid, Ohio was named after the Greek
mathematician Euclid. Now, we need to find out who founded the city of Euclid, Ohio. Code:

1 founder_of_euclid = web_search(query="who founded the city of
Euclid , Ohio")

2 print(f"The city of Euclid , Ohio was founded by {
founder_of_euclid }.")

Observation:
The city of Euclid, Ohio was founded by
(...)
"South Euclid, Ohio"
treaty with the Iroquois confederation in 1796 by the Connecticut Land Company. In 1797,
Moses Cleaveland named the area east of the Cuyahoga River Euclid, after the Greek mathe-
matician and ""patron saint"" of surveyors. Euclid Township was officially formed in 1809. In
1828, Euclid Township was divided into nine districts, with South Euclid becoming district two.
(...)

Thought: The search results indicate that the city of Euclid, Ohio was settled in 1796 by Moses
Cleaveland, who was trained in mathematics and named the township after the Greek mathe-
matician Euclid. Therefore, Moses Cleaveland founded the city where the founder of geometry,
Euclid, lived. Code:

1 final_answer("Moses Cleaveland")

Observation:
Moses Cleaveland (wrong)
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Example D.7: Illustrative case of first-thought prefix in factual reasoning (cont.)

Problem: Who founded the city where the founder of geometry lived?

Small Agent distilled from trajectories without ftp:
Thought: I need to find out who founded the city where the founder of geometry lived. I will first
find out who the founder of geometry is, then find out where he lived, and finally find out who
founded the city where he lived. I will use the tool ‘web_search’ to get this information.
Code:

1 founder_of_geometry = web_search(query="founder of geometry")
2 print(f"Founder of geometry: {founder_of_geometry}")

Observation:
Founder of geometry:
(...) Euclid
Euclid Euclid (; – ""Eukleídēs"", ; fl. 300 BC), sometimes given the name Euclid of Alexandria
to distinguish him from Euclides of Megara, was a Greek mathematician, often referred to as
the ""founder of geometry"" or the ""father of geometry"". He was active in Alexandria during
the reign of Ptolemy I (323–283 BC). His ""Elements"" is (...)

Thought: From the search results, I can see that the founder of geometry is Euclid. Now I need to
find out where he lived and who founded the city where he lived. I will use the tool ‘web_search‘
again to get this information. Code:

1 euclid_lived = web_search(query="where did Euclid live")
2 print(f"Where did Euclid live: {euclid_lived}")

Observation:
Where did Euclid live:
(...) Euclid
A detailed biography of Euclid is given by Arabian authors, mentioning, for example, a birth
town of Tyre. This biography is generally believed to be fictitious. If he came from Alexandria,
he would have known the Serapeum of Alexandria, and the Library of Alexandria, and may
have worked there during his time. (...)

Thought: From the search results, I can see that Euclid lived in Alexandria, Egypt. Now I need to
find out who founded the city where Euclid lived. I will use the tool ‘web_search‘ again to get
this information. Code:

1 founder_of_alexandria = web_search(query="who founded Alexandria"
)

2 print(f"Who founded Alexandria: {founder_of_alexandria}")

Observation:
Who founded Alexandria:
(...) Alexandria
Alexandria is believed to have been founded by Alexander the Great in April 331 BC as
(""Alexandreia""). Alexander’s chief architect for the project was Dinocrates. Alexandria was
intended to supersede Naucratis as a Hellenistic center in Egypt, (...)

Thought: From the search results, I can see that Alexandria was founded by Alexander the Great.
Therefore, the founder of the city where the founder of geometry lived is Alexander the Great. I
will now provide the final answer using the ‘final_answer‘ tool. Code:

1 final_answer("Alexander the Great")

Observation:
Alexander the Great (correct)

31



NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: See Section 1.

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justification: See Section 8 and Appendix A.

Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: Our paper does not include any theoretical result.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: See Section 4 and Section 5.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]

Justification: We include codes for reproducing experiments as supplementary files.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: See Section 5.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [No]

Justification: Due to extensive computational resources of language model experiments, we
only present the experimental results after the single run.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
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• It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

• It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: See section 5.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research conducted in the paper conform with the NeurIPS Code of Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: See Appendix B.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: We do not release data or models as this work aims the method for distillation.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The paper cites all datasets and models used in Section 5.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]

Justification: The paper does not release new assets.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: The paper does not include any crowdsourcing experiments or research with
human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: The paper does not include any potential risks incurred by study participants.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

37



16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [Yes]
Justification: The paper describes the usage of LLMs throughout the paper including Sec-
tion 5.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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