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ABSTRACT

The rapid growth in the volume of scientific papers presents a significant challenge
for researchers to keep up with the latest advances in their field by relying solely on
manual reading. Given recent advances in Large Language Models (LLMs), there
is a growing trend of employing autonomous agents to extract key information
from scientific papers. Although promising, existing approaches generally rely on
either meticulously engineered prompts or a standard SFT-RL pipeline, method-
ologies that are often prone to inducing excessive and ineffective exploration. In-
spired by cognitive science, we introduce PaperCompass, a novel framework de-
signed to address these limitations. Specifically, PaperCompass first generates a
draft outlining the sequence of planned execution steps and subsequently engages
in fine-grained reasoning to determine parameters for the corresponding function
calls. Furthermore, to support this process, we develop a bespoke RL method
named Draft-Follow Policy Optimization, which concurrently optimizes both the
draft plan and the final solution. DFPO can be viewed as a streamlined implemen-
tation of Hierarchical RL, designed to bridge the ‘knowing-doing’ gap observed
in LLMs. We provide a theoretical analysis of DFPO, demonstrating its desir-
able properties and thereby ensuring a reliable optimization process. Experiments
on paper-based question-answering (Paper-QA) benchmarks demonstrate that Pa-
perCompass’s superior efficiency over existing baselines without compromising
performance, achieving results comparable to those of much larger models.

With PaperCompass

(a) PaperCompass vs. Larger size LLMs (b) Training Dynamics

+13.4
+5.2

Figure 1: The performance of PaperCompass on AirQA-Real (Cao et al., 2025), and the training
dynamics of DFPO compared with other RL training algorithms initialized from DTFT (Draft-and-
Follow Fine-Tuning), 3B size. (a): Our PaperCompass achieves performance comparable to that
of much larger 32B-parameter baseline models. (b): DFPO has demonstrated even more powerful
efficiency.

1 INTRODUCTION

Agents built upon the powerful capabilities of Large Language Models (LLMs) offer researchers
significant benefits, such as automating literature retrieval (He et al., 2025; Chen, 2025; Shi et al.,
2025), scientific discovery (Lu et al., 2024; Liao et al., 2024; Zhao et al., 2024; Wysocki et al.,
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Figure 2: PaperCompass. (i) We use Qwen2.5-32B-Instruct to generate complete trajectories con-
taining draft and solution on synthetic data to fine-tune the agent. This step enables the agent to
understand the basic task logic and the tool calling format. (ii) DFPO facilitates the hierarchical
optimization of both the initial draft and the subsequent solution, uniquely achieving this bi-level
refinement by maximizing a single objective function.

2024), and even automatic report generation (Schmidgall et al., 2025; Ferrag et al., 2025; Team
et al., 2025). Consequently, researchers are increasingly turning to LLMs for assistance. However,
a more pressing challenge for many researchers is the efficient extraction of key information from
state-of-the-art papers. The rapid growth in the volume of academic literature makes it increasingly
difficult for researchers to keep abreast of the latest developments in their fields solely through
manual reading.

A direct approach is to employ general-purpose LLMs (Achiam et al., 2023; Anthropic, 2024; Guo
et al., 2025; Comanici et al., 2025; Yang et al., 2025) within the prevailing paradigm for ques-
tion answering over large corpora, namely Retrieval-Augmented Generation (RAG) (Lewis et al.,
2020; Guu et al., 2020; Biswal et al., 2024; Cao et al., 2025). It’s well-established that applying
advanced RAG methods, such as Agentic RAG, to large size models yields strong performance on
certain QA benchmarks. However, the efficacy of these methods often diminishes when applied to
smaller-scale models (e.g., those in the 3B class). A prominent failure mode in such cases is the
agent entering an unproductive exploratory loop, typically characterized by the repeated execution
of an ineffective retrieval strategy (Deng et al., 2025). This failure mode is consistent with recent
findings (Paglieri et al., 2024; Ruoss et al., 2024; Schmied et al., 2025) on the ‘knowing-doing’
gap in language models, which we posit as the underlying cause. Specifically, ‘knowing-doing’ gap
refers to the phenomenon where, even for correctly computed rationales, the model often selects the
greedy action over the optimal one. This discrepancy highlights the shortcomings of the LLM when
it comes to ‘doing’ even when ‘knowing’ the decision process. In practice, the ‘knowing–doing gap‘
manifests in Paper-QA tasks in very concrete ways. For example, the model may correctly identify
that the answer is likely located in a different section, yet repeatedly issues the same retrieval action,
or continues searching even when sufficient evidence has already been gathered. This mismatch be-
tween “knowing what to do” and “actually doing it” results in unproductive action loops, especially
for smaller models. This directly motivates a framework that separates reasoning (‘knowing’) from
execution (‘doing’) and optimizes them with distinct credit signals. Furthermore, the inherent chal-
lenges of the Paper-QA task, such as Cross-Section Dependencies, Dense and Specialized Content,
and High Factual Precision, further compound the decision-making difficulties for smaller-scale
models. Therefore, a central research question arises: How can we design training frameworks that
enable agents, especially based on smaller-scale models, to both learn essential meta-capabilities
and reliably execute them throughout long-horizon decision-making tasks?

2
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In light of these challenges, we propose PaperCompass, a novel multi-turn RL framework for
training agents for scientific paper querying, with its overall architecture shown in Figure 2. Inspired
by cognitive science (Ho et al., 2022) and recent work on LLM Reasoning (Zhang et al., 2025a;
Kang et al., 2025), PaperCompass explicitly bridges the ‘knowing-doing’ gap by requiring the agent
to first construct a high-level plan—termed a draft—before executing a sequence of fine-grained
actions based on the ReAct framework (Yao et al., 2023). To train this hierarchical process, we
introduce Draft-and-Follow Policy Optimization (DFPO), a bespoke RL algorithm that functions as
a streamlined implementation of Hierarchical RL. DFPO concurrently optimizes both the quality of
the draft (‘knowing’) and the fidelity of the subsequent solution (‘doing’) by maximizing a single
objective function. Our theoretical analysis shows that DFPO’s policy gradient can be decomposed
into the M-GRPO(Shao et al., 2024; Wei et al., 2025) gradient plus an implicit bias term induced by
DFPO’s draft–solution structure, and under certain conditions, is guaranteed to assign an advantage
bonus to optimal drafts. Experimentally, we develop a novel efficiency-aware metric, I-Avg, on
which our 3B model achieves performance comparable to a 32B model, as partly shown in Figure
1. Furthermore, DFPO significantly outperforms other RL methods on standard metrics.

2 PRELIMINARIES AND BACKGROUND

Problem Formulation. We consider adopting an ReAct-Paradigm LLM (Yao et al., 2023) as an
autonomous agent to answer different questions for scientific papers. Upon receiving a question,
the agent performs several iterations of Thought-Action-Observation. In each iteration, the agent
first analyzes the current context to determine and execute an action, formulated as a specific tool
call. Following this, the agent receives a new observation from the environment, reflecting the
outcome of the tool’s interaction. Consistent with NeuSym-RAG (Cao et al., 2025), we utilize the 5
parameterized actions with arguments that agents can take during interaction, which are detailed in
Appendix A.1. The iteration terminates when the LLM selects GenerateAnswer as the action.
A complete trajectory with N iterations can be defined as follow:

TN = (t0, a0, o0, · · · , tN−1, aN−1, oN−1, tN , aN ),

where (t, a, o) represents a tuple of Thought-Action-Observation.

Multi-turn GRPO. GRPO (Shao et al., 2024) has been widely applied in the field of LLM Rea-
soning due to its outstanding performance and ingenious design. Unlike single-turn reasoning, tra-
jectories in Agentic-RL incorporate environmental observations. However, these observations are
merely intermediate steps and not the primary objective of optimization. WebAgent-R1 (Wei et al.,
2025) formally proposed the Multi-turn GRPO. For each question q, the agent first sample a group
of trajectories {τ1, τ2, · · · , τG} and then optimize the policy model πθ by maximizing the following
objective function:

JM-GRPO(θ) = Eq∼P (q),{yi}G
i=1∼πold(·|q)

 1

G

G∑
i=1

 1

|yi|

|yi|∑
t=1

[
Âi,t − β DKL(θ)

] ,

where yi = (ti,j , ai,j)
N
j=0 is the generated outputs of LLM and Âi,t is the advantage for the t-th

token of i-th trajectory:

Âi,t = min
{

πθ(yi,t|q, yi,<t)

πold(yi,t|q, yi,<t)
Âi, clip

(
πθ(yi,t|q, yi,<t)

πold(yi,t|q, yi,<t)
, 1− ϵ, 1 + ϵ

)
Âi

}
,

Âi = ri−mean(r)
std(r) is the group relative advantage, computed using a group of rewards r =

{r1, · · · , rG} produced by rule-based reward functions.

3 PAPERCOMPASS

3.1 DRAFT-AND-FOLLOW: AN ANALOGOUS FRAMEWORK TO OPTION

Inspired by human planning in cognitive science (CAMBRIDGE; Eysenck & Keane, 2020; Ho et al.,
2022) and recent LLM Reasoning research (Zhang et al., 2025a; Kang et al., 2025), we introduce
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the Draft-and-Follow framework. It aims to narrow the ‘knowing-doing’ gap (Paglieri et al., 2024;
Ruoss et al., 2024; Schmidgall et al., 2025), where LLMs fail to execute optimal plans and instead
select greedy actions. Our framework imposes a hierarchical decision-making process: A high-level
draft leverages the LLM’s instruction-following capabilities to guide the low-level follow execution,
thereby preventing deviations into greedy action sequences.

Our framework is adapted from the option framework in Hierarchical RL (HRL) (Sutton et al.,
1999b; Bacon et al., 2017). In HRL, an option ω is a temporally abstract action defined by a tuple
(Iω, πω, βω), representing the initiation set, the intra-option policy, and the termination function,
respectively. In our Draft-and-Follow framework, the draft serves as an analogue to the intra-
option policy πω . As illustrated in Figure 3, a high-level draft (e.g., retrieval followed by analysis)
corresponds to a sequence of low-level tool calls and reasoning steps. Crucially, the initiation set Iω
and termination function βω are not explicitly defined but are handled dynamically by the LLM’s
reasoning, which is similar to Feng et al. (2024). An option is initiated when the agent determines
more information is required and is terminated once sufficient information is gathered to form a
solution.

1. You should first use the Retrieve tool to search for papers 

that discuss the core idea of the source paper inspiring the 

creation of the HarmfulQ dataset…

2. Next, you should analyze the search results to identify the 

most relevant entry that mentions the core idea of the source 

paper.

…

Can you tell me the core idea of the source paper of the methodology which inspires the creation of HarmfulQ dataset?

Draft

Question

Retrieval Actions

ClassicRetrieve(
query = 'core idea of the source paper inspiring the creation of 

HarmfulQ dataset’,

limits = 5

)

RetrieveFromDatabase(
sql = 

"SELECT abstract FROM metadata WHERE paper_id = '85b3d

5bd-0bbc-5f40-a1c7-6b8fd73e6dca’;”

)

Analysis

The abstract provides context about the evaluation of 

zero-shot CoT reasoning in socially sensitive 

domains, including harmful questions and stereotype 

benchmarks. This aligns with the core idea of the 

source paper that inspired the creation of the HarmfulQ 

dataset.

Agent needs 

information it 

does not have.

First retrieve 

information, then 

analyze the 

results.

The option ends 

when the idea is 

identified.

Figure 3: The conceptual relationship between the option
framework and Draft-and-Follow framework.

Notably, a key distinction of our pro-
posed Draft-and-Follow framework
is that it integrates two functional
roles within a single agent, in con-
trast to the classic option framework
which often requires distinct sub-
agents. This is possible due to the
inherent versatility of LLMs com-
pared to traditional RL agents, which
typically execute a singular policy.
Consequently, our single LLM-based
agent can dynamically switch be-
tween roles: First acting as a high-
level planner to generate the draft,
and subsequently as a low-level ex-
ecutor to implement that plan and
produce the final solution.

3.2 DRAFT & TOOL-USE FINE-TUNING

The agent must acquire two foundational capabilities. First, it must be capable of generating syn-
tactically correct tool calls. This includes accurately selecting function names and formulating their
corresponding parameters from the action space. Second, the agent must learn to generate a coherent
draft and then faithfully execute this plan in the subsequent solution. Due to the prohibitive cost of
manually annotating expert trajectories, our approach relies on the generation of a synthetic dataset.
we construct synthetic expert trajectories following a three-stage pipeline.

❶Explorer generates high-quality question–answer pairs from 10,000 arXiv AI papers, using CoT
prompting and curated templates to ensure diversity and fidelity. ❷Actor interacts with the paper
database via a ReAct-style LLM agent to produce full action trajectories, including tool calls, in-
termediate thoughts, and error states. ❸Tracker converts these trajectories into structured training
examples by selecting appropriate evaluation functions, formatting answers, and packaging long-
horizon interactions using a sliding window. Finally, an expert LLM summarizes each trajectory
into an abstract, high-level draft plan to establish a one-to-one mapping between drafts and expert
solutions. Further details are provided in Appendix A.2.

3.3 DRAFT-AND-FOLLOW POLICY OPTIMIZATION

As our previous analysis has shown, the draft is a central component of our framework, providing
high-level guidance for the agent’s subsequent tool calls. This central role motivates the need for a
novel optimization objective. An effective objective must not only optimize the draft and the solution
concurrently but also place a distinct emphasis on improving the quality of the draft itself. To meet

4
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these requirements, we introduce a new optimization objective. We term the process of optimizing
this objective Draft-and-Follow Policy Optimization (DFPO). Formally, the goal is to maximize the
following objective function:

JDFPO(θ) = E
q∼P (q)

{di,yi}Gi=1
∼(πθ(d|q),πθ(y|q,d))

 1

G

G∑
i=1

 1

|di|+ |yi|

 |di|∑
t=1

Âdraft
i,t +

|di|+|yi|∑
t=|di|+1

Âsolution
i,t

 ,

(1)
where d is the draft while y is the solution, which is also corresponds to the generated outputs of
LLM mentioned in Section 2. We have abandoned the KL divergence constraint and generated
trajectories entirely using the current policy (fully on-policy). These two points have been proven
by recent studies to be able to effectively improve the performance of the agent (Lanchantin et al.,
2025; Yu et al., 2025). For a given QA instance, we let o = d ◦ y denotes the complete output
sequence from the agent. By definition, the draft is a prefix of the full response o. This structural
property allows for the formulation of the policy gradient with respect to the draft as follows:

Proposition 1 (Gradient Decomposition). In a fully on-policy setting1 without a KL divergence
constraint, the DFPO policy gradient can be written as the sum of the M-GRPO policy gradient and
an additional term arising from the draft–solution structure of the DFPO objective,

∇θJDFPO(θ) = ∇θJM-GRPO(θ) + Eq∼P (q),{di}G
i=1∼πθ(d|q)

{
1

G

G∑
i=1

[
∆Âi∇θ logπθ(di|q)

]}
, (2)

where ∆Âi = c · (Âdraft
i − Âsolution

i ) is a productive of a scaling constant c and a relative advantage
term.

Remark on Proposition 1

Proposition 1 (see proof in Appendix B.1) provides an interpretive decomposition of the
DFPO gradient: It separates the standard M-GRPO update from an implicit bias term in-
duced by DFPO’s design—namely, (i) jointly normalizing the draft and solution, and (ii)
defining the draft as a prefix of the full response.

This leads to a key design question: how to formulate distinct reward functions for the draft and the
solution such that the DFPO algorithm can improve draft quality while simultaneously optimizing
for overall task success? Specifically, we formulate separate reward signals for both the draft and
the solution, and from these, we derive their respective advantage functions:

rdraft
i = ρ(di) · I(Extract(yi) = Answer) ⇒ Âdraft

i,t =
rdraft
i − mean(rdraft)

std(rdraft)

rsolution
i = I(Extract(yi) = Answer) ⇒ Âsolution

i,t =
rsolution
i − mean(rsolution)

std(rsolution)

Here, ρ(di) ∈ [0, 1] is a non-negative dense metric to evaluate the draft. We use Extract to denote
the extraction function to derive predicted answer. In our practical implementation, to account for
diverse question types, we introduce a reward router (detailed in the Appendix C) that provides a
more accurate evaluation of the agent’s output quality, thus yielding higher-fidelity gradient signals.
Based on the preceding definitions, we now state the following theorem regarding relative advantage.
This theorem establishes key theoretical properties of our DFPO algorithm:

Theorem 1 (Relative Advantage). If rsolution is a binary value, and rdraft is a product of rsolution and
a non-negative dense value, there are:

• Let i be an index such that rsolution
i = 0. The advantage Âsolution

i and Âdraft
i satisfies the inequality:

Âsolution
i ≤ Âdraft

i .

1An analysis of DFPO’s performance using off-policy rollouts is presented in Appendix B.1
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• Let i be an index such that rsolution
i = 1. Given that rdraft

i ≤ r̄draft, the advantage satisfies the
inequality:

Âdraft
i ≤ Âsolution

i .

• Let imax be an index such that rdraft
imax

= max1≤i≤n{rdraft
i }. Given that rsolution

imax
= 1, the advantage

satisfies the inequality:
Âsolution

imax
≤ Âdraft

imax
.

Remark on Theorem 1

Theorem 1 (see proof in Appendix B.2) reveals that, when a solution fails, this mechanism
provides a non-negative update to reinforce the draft. Conversely, for successful solutions
that follow below-average drafts, a non-positive update suppresses these ineffective plans.
Finally, when a high-quality draft leads to a successful outcome, a non-negative update rein-
forces these effective patterns, consolidating the model’s successful policies.

In our implementation of PaperCompass, we utilize trajectory-level entropy (Agarwal et al., 2025)
as the metric for draft quality. In this way, the non-negative dense metric is:

ρ(di) =
1

|di|

|di|∑
t=1

logπθ(di,t|q, di,<t). (3)

A potential concern is that: In Theorem 1, if an incorrect solution stems from a low-quality draft,
the standard DFPO objective might inadvertently reinforce this suboptimal plan. To mitigate this
issue, we addtionally introduce a technique we term negative sample masking, which modifies the
draft advantage calculation as follows:

Âdraft
i =


Âsolution

i , if rsolution
i = 0

rdraft
i − mean(rdraft)

std(rdraft)
, if rsolution

i = 1
(4)

Negative sample masking also provides further justification for employing trajectory-level entropy
as a quality metric (further discussion is detailed in Appendix D). This aligns with related research
suggesting that the output logits of a sufficiently pre-trained LLM can implicitly represent a Q-
function (Wulfmeier et al., 2024; Wang et al., 2025a; Li et al., 2025b).

4 EXPERIMENTS

Our evaluation of PaperCompass on two challenging benchmarks is guided by the following research
questions:

• RQ1: To what extent does PaperCompass improve interaction efficiency without compromising
task performance? (Section 4.2, Section 4.3, Appendix A.4.1, Appendix A.4.2)

• RQ2: What is the magnitude of the efficiency improvement that DFPO provides over RL baselines
like M-GRPO and DAPO? What are the individual contributions of DFPO’s key components?
(Section 4.4, Appendix A.4.3)

• RQ3: How does the ‘Draft’ mechanism contribute to the overall efficacy of the PaperCompass
framework? (Section 4.5)

• RQ4: Is our DTFT a critical component, or does a standard SFT approach provide a sufficient
foundation for the subsequent RL training stage? (Appendix A.4.4)

4.1 EXPERIMENT SETUP

Benchmarks. To comprehensively evaluate the effectiveness of our PaperCompass, we select two
prominent benchmarks for scientific Paper-QA: AirQA-Real (Cao et al., 2025), and SciDQA (Singh
et al., 2024). Detailed descriptions of these benchmarks are provided in Appendix E.

6
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Table 1: Overall performance on two prominent and challenging Paper-QA benchmarks are pre-
sented. The top two outcomes in finetuning methods are bolded and underlined.

Method
AirQA-Real SciDQA

text table image form. meta. Avg. I-Avg. table image form. Avg. I-Avg.

Prompting Methods with Classic RAG

Qwen2.5-3B-Instruct 6.8 0.0 0.0 2.8 4.5 6.1 / 35.6 37.0 33.9 35.2 /
Qwen2.5-7B-Instruct 8.1 0.0 2.5 2.8 4.5 7.4 / 45.1 44.9 45.4 45.1 /
Qwen2.5-VL-72B-Instruct 9.6 5.9 11.9 11.1 13.6 10.5 / 54.8 56.9 56.3 56.2 /
GPT-4o-mini 12.3 11.9 12.5 16.7 13.6 13.4 / 59.4 60.4 59.3 59.8 /
DeepSeek-R1 11.7 13.9 9.5 30.6 9.1 13.9 / 63.9 61.3 61.7 62.4 /

Fine-Tuning Methods with NeuSym RAG

Qwen2.5-3B-Instruct(SFT) 24.7 2.0 7.5 5.6 4.5 22.2 16.7 44.8 44.5 38.8 43.3 28.4
+ M-GRPO 22.3 0.0 2.5 2.8 4.5 19.7 13.3 39.5 38.6 39.2 39.1 26.0
+ DAPO 24.3 4.0 12.5 2.8 31.8 22.4 17.1 44.6 44.7 41.7 43.9 29.3

Qwen2.5-3B-Instruct(DTFT) 25.3 2.0 7.5 5.6 4.5 22.6 17.6 41.7 41.5 38.3 40.9 30.3
+ DFPO(PaperCompass) 26.6 3.0 10.0 5.6 9.1 23.7 20.0 43.6 44.2 41.9 43.5 36.1

Qwen2.5-7B-Instruct(SFT) 26.6 1.0 7.5 5.6 31.8 23.9 17.8 46.5 45.9 42.7 45.6 33.2
+ M-GRPO 24.7 1.0 0.0 0.0 9.1 21.2 16.1 46.8 47.7 41.5 46.1 32.0
+ DAPO 25.3 4.0 12.5 8.3 22.7 23.1 17.0 48.1 47.8 45.1 47.1 34.5

Qwen2.5-7B-Instruct(DTFT) 28.5 2.0 10.0 8.3 22.7 25.5 20.2 46.9 48.4 43.3 47.0 34.9
+ DFPO(PaperCompass) 28.1 4.0 10.0 8.3 18.2 25.3 21.0 49.5 48.8 45.5 48.3 37.4

Baselines. We consider the following baselines. ❶Prompting Method: To establish strong baselines,
we augment general-purpose LLMs (e.g, Qwen2.5, GPT-4, DeepSeek-R1) with Classic-RAG (Lewis
et al., 2020). ❷Fine-Tuning Method: We instantiate two versions of our PaperCompass using the
Qwen2.5-3B-Instruct and Qwen2.5-7B-Instruct2 as backbones. Both instances are trained following
our proposed pipeline, which includes a Draft & Tool-use FT stage. To evaluate the efficacy of our
DFPO algorithm, we also create ablation variants where the DFPO component is replaced by two
existing RL methods: M-GRPO (Wei et al., 2025) and DAPO (Yu et al., 2025).

Metrics. Beyond the default metrics provided with each benchmark, we inspired from (Liu et al.,
2025), introducing an additional evaluation metric, I-Avg, defined as:

I-Avg = Avg ·

√
1− Ī

Imax
, (5)

where Ī is the average number of interaction turns, and Imax denotes the maximum number of inter-
action turns. The I-Avg metric is designed to provide a balanced assessment of agent behavior by
jointly considering both its performance and efficiency.

4.2 MAIN RESULTS

The main experimental results are reported in Table 1, from which we observe that:
❶PaperCompass significantly improves efficiency (I-Avg) without compromising response accu-
racy (Avg). Specifically, the 3B and 7B versions of our model show an average I-Avg score im-
provement of 5.5% and 3.2%, respectively, across two evaluated benchmarks. ❷PaperCompass
demonstrates superior performance in both accuracy and efficiency compared to standard SFT-RL
pipelines. For instance, against the DAPO baseline, our 3B and 7B models achieve accuracy gains
of 0.5% and 1.7% respectively, while also improving efficiency by 4.9% and 3.5%. In contrast,
the M-GRPO baseline even results in performance degradation compared to the SFT-only model,
further highlighting the effectiveness of our approach. ❸PaperCompass demonstrates competitive
performance against proprietary LLM baselines. Notably, our 7B fine-tuned model surpasses the
much larger GPT-4o-mini on the complex AirQA-Real benchmark. While the proprietary model’s
superior general capabilities give it an edge on SciDQA, our results strongly indicate that specialized
fine-tuning with strong RAG method like NeuSym-RAG and advanced RL algorithms like DFPO

2We augment Qwen2.5-3B-Instruct and Qwen2.5-7B-Instruct with NeuSym-RAG (Cao et al., 2025).
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SFT DTFT DFPO

(a) Correct Rate (3B) (b) Valid Answers (3B) (c) Interaction Turns (3B)

(d) Correct Rate (7B) (e) Valid Answers (7B) (f) Interaction Turns (7B)

Figure 4: Efficiency statistics of DTFT (Draft & Tool-Use Fine-Tuning) and DFPO compared to
SFT baselines on AirQA-Real and SciDQA. The combination of our Draft-and-Follow architecture
and the DFPO algorithm enables the agent to operate more efficiently, significantly reducing the
required number of tool calls without compromising QA accuracy.

is a highly effective strategy for enabling smaller, open-source models to achieve state-of-the-art
performance on domain-specific tasks.

4.3 EFFICIENCY STATISTICS

We next investigate how our Draft-and-Follow architecture and DFPO algorithm contribute to im-
provements in the I-Avg score. To this end, we benchmark our full approach against an SFT-only
baseline, with a detailed comparison of their efficiency-related statistics presented in Figure 4.

Correct Rate. Our methods, DTFT and DFPO, enhance tool-use efficiency while improving QA
correct rate. DTFT yields a 0.3% gain in correct rate over the baseline, with DFPO contributing
an additional 1.2%. Both methods leverage a high-quality draft to guide the agent, thereby cur-
tailing ineffective exploration. The resulting accuracy improvement with fewer actions suggests a
higher proportion of effective exploration, a conclusion quantitatively supported by the following
two metrics.

Valid Answers. We measure the valid answers—the proportion of trials concluding within the inter-
action limit—to quantify the agent’s ability to avoid repetitive, non-productive loops. Our methods
significantly improve this metric, with DTFT and DFPO yielding increases of 8.8% and 18.9%,
respectively. This demonstrates that our draft mechanism effectively prevents agent stagnation, an
effect particularly pronounced after applying DFPO.

Interaction Turns. Agent efficiency, measured by the average interaction turns, is substantially
improved. Our methods, DTFT and DFPO, reduce tool calls by 13.4% and 31.3% from the SFT
baseline. This reduction in operational cost, coupled with the aforementioned correct rate gains,
confirms a significant enhancement in overall agent performance. We further display the distribution
of interaction turns in Appendix A.3.

Draft-and-Follow and DFPO can narrow the ‘knowing-doing’ gap. By externalizing its question
understanding and planning into a draft, the agent effectively guides its subsequent exploration.
Our experiments demonstrate that an agent guided by this draft adopts a more effective tool-use
policy. We interpret this result as a narrowing of the ‘knowing-doing’ gap. Specifically, the ability
to generate a correct draft establishes a solid foundation for ‘knowing’, while the resulting efficient
tool-use demonstrates improved rationality in ‘doing’. To further quantify the knowing-doing gap,
we use A UCB-based diagnostic bandit task (Schmied et al., 2025) in Appendix A.4.5.
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4.4 RL METHODS ABLATION

We present a series of ablation studies designed to validate our key architectural choices. First,
we investigate the individual contributions of negative sample masking (NSM) and the re-
ward router (RR) to the performance of PaperCompass. Second, we conduct a direct com-
parison between our DFPO algorithm and two baseline methods, M-GRPO (Wei et al., 2025)
and DAPO (Yu et al., 2025), using the DTFT-trained model as a common starting point.

Table 2: Ablation study on RL method settings.
To ensure a fair comparison, all RL method set-
tings are initialized from the same DTFT-trained
Qwen-2.5-7B-Instruct checkpoint. The best per-
formance is bolded.

Method AirQA-Real SciDQA
Avg. I-Avg. Avg. I-Avg.

M-GRPO 24.8 18.8 45.7 34.4

DAPO 25.9 19.4 46.5 35.1

NSM RR

DFPO
✗ ✗ 23.0 18.2 45.3 34.9
✓ ✗ 23.8 19.1 46.2 35.3
✗ ✓ 22.6 16.5 43.0 32.6
✓ ✓ 25.3 21.0 48.3 37.4

Based on the quantitative results in Table 2,
we draw the following key conclusions and in-
sights (which is detailed in Appendix A.4.3):
Our Draft-and-Follow framework significantly
improves agent performance by using the draft
to guide exploration toward more effective
strategies and prevent the reinforcement of spu-
rious reasoning paths. Building on this, our
DFPO algorithm achieves superior interaction
efficiency by explicitly optimizing the quality
of this ’draft’ before execution. The frame-
work’s success is bolstered by two critical com-
ponents identified in our ablations: negative
sample masking, which prevents destabilizing
policy updates from incorrect solutions, and the
reward router, which enables a fine-grained distinction between suboptimal and optimal answers.

4.5 ENTROPY ANALYSIS

Recent work has underscored the importance of entropy in LLM-RL (Zhang et al., 2025b; Cui et al.,
2025; Xu, 2025). Accordingly, this section presents an analysis of the entropy dynamics observed
during the our RL training process. This analysis addresses three key questions: Why does the M-
GRPO baseline underperform compared to the SFT-only model? What is the impact of combining
M-GRPO with our DTFT model? From an entropy perspective, how does DFPO further refine the
DTFT-trained agent?

Step

T
o
k

en
 E

n
tr

o
p
y

0 400

Figure 5: Entropy Dynamics during RL Training.
Left: Average token entropy curves for the three
training settings. Right: A granular view of the
solution entropy, partitioned by correct and wrong
final answers. The curves are ordered from top to
bottom: M-GRPO w/o draft, M-GRPO w/ draft,
and DFPO.

Our analysis of the training dynamics in Figure
5 reveals divergent behaviors across the mod-
els. The SFT-based M-GRPO learns a spuri-
ous policy; a granular analysis shows its solu-
tion entropy paradoxically decreases for incor-
rect answers while increasing for correct ones,
indicating it grows more confident in its er-
rors. When initialized with DTFT, M-GRPO
becomes more stable: The draft entropy de-
creases as expected, but the solution entropy
remains high, aligning with the negligible per-
formance gains shown in Figure 1(b). This
suggests the draft prevents catastrophic failure
but is not further optimized by M-GRPO alone.
In sharp contrast, DFPO exhibits the ideal dy-
namic. Not only are its absolute entropy values
lower, but its solution entropy shows the cor-
rect trend: Decreasing for correct answers and
increasing for incorrect ones. This provides strong evidence that DFPO learns to both pursue correct
reasoning paths and actively unlearn erroneous ones.

We argue that the assumed correlation between entropy and performance is not applicable in our
task, as evidenced by our DFPO analysis, which shows a limited effect on reducing solution en-
tropy. We refute the notion that this is due to insufficient training for two main reasons. First, the
task nature introduces significant differences. Unlike mathematical reasoning, multi-turn tool use
presents uncertainties from variable observations and the model’s token distribution, making the re-
lationship between entropy and performance less direct (Dong et al., 2025). Second, the challenge of
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deep semantic understanding limits performance gains. While PaperCompass’s accuracy improve-
ment is marginal compared to WebAgent (Wu et al., 2025b), this is due to the inherent complexity
of Paper-QA, which demands deep comprehension beyond tool invocation. We emphasize that our
main contribution is in improving efficient tool-use strategies, not in enhancing deep semantic un-
derstanding, which depends on model scale and pre-training (Rajani et al., 2025; Wu et al., 2025a).

5 RELATED WORK

LLMs for Scientific Research. The application of LLMs to enhance the scientific research life-
cycle is a rapidly expanding field (Luo et al., 2025). The specific directions can be divided into
Scientific Hypothesis Discovery (Yang et al., 2023; Wang et al., 2024a;b), Experiment Planning
& Implementation (Liu et al., 2023; Rasheed et al., 2024; Schmidgall et al., 2025), Paper Writing
(Xing et al., 2020; Wang et al., 2024c; Yu et al., 2024), and Peer Reviewing (Wang et al., 2020; Liu
& Shah, 2023; Du et al., 2024). Our work attempts to address Scientific Paper-QA, an emerging
research direction where prevailing approaches rely on agents built with Retrieval-Augmented Gen-
eration (RAG) (Trivedi et al., 2022; Edge et al., 2024; Sarmah et al., 2024). While the work of Cao
et al. (2025) is closely related, our primary contribution is a specialized training process designed to
significantly enhance the agent’s planning and reasoning abilities.

Agentic Reinforcement Learning. A body of recent work has demonstrated the significant poten-
tial of Reinforcement Learning (RL) for enhancing the reasoning capabilities of LLMs (Guo et al.,
2025; Shen et al., 2025; Yang et al., 2025; Yu et al., 2025). The emergence of tool-integrated rea-
soning has spurred the application of RL to enhance agent capabilities. These RL-based approaches
can be broadly categorized into two main paradigms based on their optimization framework and
inference structure: single-layer RL (Feng et al., 2025; Wang et al., 2025b; Li et al., 2025a) and
hierarchical RL (Zhou et al., 2024; Hu et al., 2025). Our method, inspired by the options framework
(Sutton et al., 1999b), employs a single-layer optimization objective to train a bi-layer inference
architecture, aiming to balance the computational efficiency of single-layer methods with the struc-
tured reasoning benefits of a hierarchical architecture.

6 CONCLUSION

We observed that smaller-scale LLM-based agents tend to get stuck in repetition during retrieval,
resulting in severe inefficiency, especially in tasks like Paper-QA that rely on deep semantic under-
standing. Based on the challenges inherent in Paper-QA and the prevalent ‘knowing-doing’ gap in
LLMs, we introduce PaperCompass, a novel agent framework that bridges this divide by guiding
subsequent execution (‘doing’) with a high-level plan (‘knowing’) in the form of a draft. This ap-
proach distinguishes itself from standard SFT-RL pipelines. To effectively support this hierarchical
architecture, we developed two specialized methods: Draft & Tool-use Fine-Tuning (DTFT) and
Draft-and-Follow Policy Optimization (DFPO). Our experimental results demonstrate that Paper-
Compass significantly enhances interaction efficiency without compromising performance.

REFERENCES

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama Ahmad, Ilge Akkaya, Florencia Leoni Ale-
man, Diogo Almeida, Janko Altenschmidt, Sam Altman, Shyamal Anadkat, et al. Gpt-4 technical
report. arXiv preprint arXiv:2303.08774, 2023.

Shivam Agarwal, Zimin Zhang, Lifan Yuan, Jiawei Han, and Hao Peng. The unreasonable effec-
tiveness of entropy minimization in llm reasoning. arXiv preprint arXiv:2505.15134, 2025.

Anthropic. The claude 3 model family: Opus, sonnet, haiku, 2024. URL https:
//wwwcdn.anthropic.com/de8ba9b01c9ab7cbabf5c33b80b7bbc618857627/
Model_Card_Claude_3.pdf. Model Card.

Artifex Software, Inc. Pymupdf - a python binding for mupdf, 2023. URL https://pymupdf.
readthedocs.io/en/latest/. Version 1.24.9, accessed on January 25, 2025.

10

https://wwwcdn.anthropic.com/de8ba9b01c9ab7cbabf5c33b80b7bbc618857627/Model_Card_Claude_3.pdf
https://wwwcdn.anthropic.com/de8ba9b01c9ab7cbabf5c33b80b7bbc618857627/Model_Card_Claude_3.pdf
https://wwwcdn.anthropic.com/de8ba9b01c9ab7cbabf5c33b80b7bbc618857627/Model_Card_Claude_3.pdf
https://pymupdf.readthedocs.io/en/latest/
https://pymupdf.readthedocs.io/en/latest/


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Pierre-Luc Bacon, Jean Harb, and Doina Precup. The option-critic architecture. In Proceedings of
the AAAI conference on artificial intelligence, volume 31, 2017.

Rajendra Bhatia and Chandler Davis. A better bound on the variance. The american mathematical
monthly, 107(4):353–357, 2000.

Asim Biswal, Liana Patel, Siddarth Jha, Amog Kamsetty, Shu Liu, Joseph E Gonzalez, Carlos
Guestrin, and Matei Zaharia. Text2sql is not enough: Unifying ai and databases with tag. arXiv
preprint arXiv:2408.14717, 2024.

BE CAMBRIDGE. The cambridge handbook of computational cognitive.

Ruisheng Cao, Hanchong Zhang, Tiancheng Huang, Zhangyi Kang, Yuxin Zhang, Liangtai Sun,
Hanqi Li, Yuxun Miao, Shuai Fan, Lu Chen, et al. Neusym-rag: Hybrid neural symbolic retrieval
with multiview structuring for pdf question answering. arXiv preprint arXiv:2505.19754, 2025.

Mingyang Chen, Tianpeng Li, Haoze Sun, Yijie Zhou, Chenzheng Zhu, Haofen Wang, Jeff Z Pan,
Wen Zhang, Huajun Chen, Fan Yang, et al. Learning to reason with search for llms via reinforce-
ment learning. arXiv preprint arXiv:2503.19470, 2025.

Shuhua Chen. Academicrag: Knowledge graph enhanced retrieval-augmented generation for aca-
demic resource discovery: Enhancing educational resource discovery through knowledge graph-
based rag framework, 2025.

Gheorghe Comanici, Eric Bieber, Mike Schaekermann, Ice Pasupat, Noveen Sachdeva, Inderjit
Dhillon, Marcel Blistein, Ori Ram, Dan Zhang, Evan Rosen, et al. Gemini 2.5: Pushing the
frontier with advanced reasoning, multimodality, long context, and next generation agentic capa-
bilities. arXiv preprint arXiv:2507.06261, 2025.

Ganqu Cui, Yuchen Zhang, Jiacheng Chen, Lifan Yuan, Zhi Wang, Yuxin Zuo, Haozhan Li, Yuchen
Fan, Huayu Chen, Weize Chen, et al. The entropy mechanism of reinforcement learning for
reasoning language models. arXiv preprint arXiv:2505.22617, 2025.

Yong Deng, Guoqing Wang, Zhenzhe Ying, Xiaofeng Wu, Jinzhen Lin, Wenwen Xiong, Yuqin Dai,
Shuo Yang, Zhanwei Zhang, Qiwen Wang, et al. Atom-searcher: Enhancing agentic deep research
via fine-grained atomic thought reward. arXiv preprint arXiv:2508.12800, 2025.

Guanting Dong, Hangyu Mao, Kai Ma, Licheng Bao, Yifei Chen, Zhongyuan Wang, Zhongxia
Chen, Jiazhen Du, Huiyang Wang, Fuzheng Zhang, et al. Agentic reinforced policy optimization.
arXiv preprint arXiv:2507.19849, 2025.

Jiangshu Du, Yibo Wang, Wenting Zhao, Zhongfen Deng, Shuaiqi Liu, Renze Lou, Henry Peng
Zou, Pranav Narayanan Venkit, Nan Zhang, Mukund Srinath, et al. Llms assist nlp researchers:
Critique paper (meta-) reviewing. arXiv preprint arXiv:2406.16253, 2024.

Darren Edge, Ha Trinh, Newman Cheng, Joshua Bradley, Alex Chao, Apurva Mody, Steven Truitt,
Dasha Metropolitansky, Robert Osazuwa Ness, and Jonathan Larson. From local to global: A
graph rag approach to query-focused summarization. arXiv preprint arXiv:2404.16130, 2024.

Michael W Eysenck and Mark T Keane. Cognitive psychology: A student’s handbook. Psychology
press, 2020.

Jiazhan Feng, Shijue Huang, Xingwei Qu, Ge Zhang, Yujia Qin, Baoquan Zhong, Chengquan Jiang,
Jinxin Chi, and Wanjun Zhong. Retool: Reinforcement learning for strategic tool use in llms.
arXiv preprint arXiv:2504.11536, 2025.

Xidong Feng, Bo Liu, Yan Song, Haotian Fu, Ziyu Wan, Girish A Koushik, Zhiyuan Hu, Mengyue
Yang, Ying Wen, and Jun Wang. Natural language reinforcement learning. arXiv preprint
arXiv:2411.14251, 2024.

Mohamed Amine Ferrag, Norbert Tihanyi, and Merouane Debbah. From llm reasoning to au-
tonomous ai agents: A comprehensive review. arXiv preprint arXiv:2504.19678, 2025.

11



594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu,
Shirong Ma, Peiyi Wang, Xiao Bi, et al. Deepseek-r1: Incentivizing reasoning capability in llms
via reinforcement learning. arXiv preprint arXiv:2501.12948, 2025.

Kelvin Guu, Kenton Lee, Zora Tung, Panupong Pasupat, and Mingwei Chang. Retrieval augmented
language model pre-training. In International conference on machine learning, pp. 3929–3938.
PMLR, 2020.

Yichen He, Guanhua Huang, Peiyuan Feng, Yuan Lin, Yuchen Zhang, Hang Li, et al. Pasa: An llm
agent for comprehensive academic paper search. arXiv preprint arXiv:2501.10120, 2025.

Mark K Ho, David Abel, Carlos G Correa, Michael L Littman, Jonathan D Cohen, and Thomas L
Griffiths. People construct simplified mental representations to plan. Nature, 606(7912):129–136,
2022.

Zican Hu, Wei Liu, Xiaoye Qu, Xiangyu Yue, Chunlin Chen, Zhi Wang, and Yu Cheng. Divide and
conquer: Grounding llms as efficient decision-making agents via offline hierarchical reinforce-
ment learning. arXiv preprint arXiv:2505.19761, 2025.

Tiancheng Huang, Ruisheng Cao, Yuxin Zhang, Zhangyi Kang, Zijian Wang, Chenrun Wang, Yijie
Luo, Hang Zheng, Lirong Qian, Lu Chen, and Kai Yu. Airqa: A comprehensive qa dataset for
ai research with instance-level evaluation, 2025. URL https://arxiv.org/abs/2509.
16952.

Bowen Jin, Hansi Zeng, Zhenrui Yue, Jinsung Yoon, Sercan Arik, Dong Wang, Hamed Zamani, and
Jiawei Han. Search-r1: Training llms to reason and leverage search engines with reinforcement
learning. arXiv preprint arXiv:2503.09516, 2025.

Minki Kang, Jongwon Jeong, Seanie Lee, Jaewoong Cho, and Sung Ju Hwang. Distilling llm agent
into small models with retrieval and code tools. arXiv preprint arXiv:2505.17612, 2025.

Jack Lanchantin, Angelica Chen, Janice Lan, Xian Li, Swarnadeep Saha, Tianlu Wang, Jing Xu,
Ping Yu, Weizhe Yuan, Jason E Weston, et al. Bridging offline and online reinforcement learning
for llms. arXiv preprint arXiv:2506.21495, 2025.

Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio Petroni, Vladimir Karpukhin, Naman Goyal,
Heinrich Küttler, Mike Lewis, Wen-tau Yih, Tim Rocktäschel, et al. Retrieval-augmented gener-
ation for knowledge-intensive nlp tasks. Advances in neural information processing systems, 33:
9459–9474, 2020.

Kuan Li, Zhongwang Zhang, Huifeng Yin, Liwen Zhang, Litu Ou, Jialong Wu, Wenbiao Yin, Baix-
uan Li, Zhengwei Tao, Xinyu Wang, et al. Websailor: Navigating super-human reasoning for web
agent. arXiv preprint arXiv:2507.02592, 2025a.

Yi-Chen Li, Tian Xu, Yang Yu, Xuqin Zhang, Xiong-Hui Chen, Zhongxiang Ling, Ningjing Chao,
Lei Yuan, and Zhi-Hua Zhou. Generalist reward models: Found inside large language models.
arXiv preprint arXiv:2506.23235, 2025b.

Zhehui Liao, Maria Antoniak, Inyoung Cheong, Evie Yu-Yen Cheng, Ai-Heng Lee, Kyle Lo,
Joseph Chee Chang, and Amy X Zhang. Llms as research tools: A large scale survey of re-
searchers’ usage and perceptions. arXiv preprint arXiv:2411.05025, 2024.

Hanbing Liu, Lang Cao, Yuanyi Ren, Mengyu Zhou, Haoyu Dong, Xiaojun Ma, Shi Han, and
Dongmei Zhang. Bingo: Boosting efficient reasoning of llms via dynamic and significance-based
reinforcement learning. arXiv preprint arXiv:2506.08125, 2025.

Ruibo Liu, Ruixin Yang, Chenyan Jia, Ge Zhang, Denny Zhou, Andrew M Dai, Diyi Yang, and
Soroush Vosoughi. Training socially aligned language models in simulated human society. arXiv
preprint arXiv:2305.16960, 2, 2023.

Ryan Liu and Nihar B Shah. Reviewergpt? an exploratory study on using large language models for
paper reviewing. arXiv preprint arXiv:2306.00622, 2023.

12

https://arxiv.org/abs/2509.16952
https://arxiv.org/abs/2509.16952


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Chris Lu, Cong Lu, Robert Tjarko Lange, Jakob Foerster, Jeff Clune, and David Ha. The ai scien-
tist: Towards fully automated open-ended scientific discovery. arXiv preprint arXiv:2408.06292,
2024.

Ziming Luo, Zonglin Yang, Zexin Xu, Wei Yang, and Xinya Du. Llm4sr: A survey on large language
models for scientific research. arXiv preprint arXiv:2501.04306, 2025.

Davide Paglieri, Bartłomiej Cupiał, Samuel Coward, Ulyana Piterbarg, Maciej Wolczyk, Akbir
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THE USE OF LARGE LANGUAGE MODELS

Pursuant to the ICLR 2026 policy on Large Language Models (LLMs) usage, we state that LLMs
were only used as general writing aids. Specifically, they helped with grammar polishing and read-
ability enhancement. LLMs didn’t participate in research ideation, experiment design, data analysis,
or result interpretation. Hence, they had no role amounting to authorship or a substantial contribu-
tion.

ETHICS STATEMENT

This work neither involves sensitive personal data nor practices that give rise to privacy or security
worries. All datasets employed are publicly accessible and lack personally identifiable information.
The research neither puts forward potentially harmful methodologies, applications, nor insights,
nor brings up issues associated with discrimination, bias, or fairness. Throughout the research and
submission process, the authors have abided by the ICLR Code of Ethics.

REPRODUCIBILITY STATEMENT

We detail the action space and training formula we designed in Appendix A.1 to Appendix A.3.
Additionally, we have made our code publicly available at https://anonymous.4open.
science/r/PaperCompass/.

A ADDITIONAL DETAILS

A.1 ACTION SPACE DESIGN

1 RetrieveFromVectorstore(
2 # user input can be rephrased
3 query: str,
4 # select encoding model / modality
5 collection_name : str,
6 # (table_name, column_name) together defines which view to search
7 table_name : str,
8 column_name : str,
9 # allow fine-grained meta filtering

10 filter : str = ’’,
11 limit: int = 5
12 )

1 RetrieveFromDatabase(
2 # user input should be recognizable SQL statement
3 sql: str
4 )

1 ViewImage(
2 # indeed ’pdf_id’, obtained from DB
3 paper_id : str,
4 page_number : int,
5 # 4-tuple of float numbers , if [] return the image of entire page
6 bounding_box : List [ float ] = []
7 )

1 CalculateExpr(
2 # The expression to calculate.
3 expr: str
4 )

1 GenerateAnswer(
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2 # The final answer to the user question. Please adhere to the answer
format for the current question.

3 answer: Any
4 )

To ensure stability in our practical implementation, we have made a simplify to
RetrieveFromVectorstore. The new action, ClassicRetrieve, is a variant that
retains only the core query and limit parameters.

A.2 DRAFT & TOOL-USE FINE-TUNING

Synthetic Expert Trajectory Generation. To mimic real-world annotation and interaction, the
synthesis process is divided into three core components: ❶Explorer constructs a natural language
question-answer pair with given context. ❷Tracker chooses suitable evaluation function and fill in
the formatted example file. ❸Actor interacts with the outer environment to collect trajectories. We
start by downloading 10,000 artificial intelligence papers from arXiv, using tools like PyMuPDF
(Artifex Software, Inc., 2023) and MinerU (Wu et al., 2023) to extract metadata, text, and non-
textual elements. Following this, the Explorer generates high-quality QA pairs from this content.
To improve output quality, this stage incorporates techniques such as chain-of-thought (Wei et al.,
2022) and hand-written prompts. First, the process begins with data preparation and the generation
of intelligent question-answer (QA) pairs. Next, we use Actor and Tracker components to convert
these QA pairs into structured training instructions for an agent. The Actor interacts with the paper
database, using the ReAct framework (Yao et al., 2023) and an LLM to simulate a full interaction
trajectory of user instructions and agent responses (which include both thought and action). To
handle long contexts, these trajectories are processed using a sliding window, and error informa-
tion is intentionally preserved to train the model’s error-correction capabilities. Finally, the Tracker
packages these trajectories and QA pairs into formatted training examples. It automatically selects
and configures the appropriate evaluation functions, parameters, and answer formats based on the
question type, and even uses a rule-based approach to combine simple examples into more complex,
multi-part questions. To establish a one-to-one correspondence between each draft and its expert
trajectory, we employ a straightforward procedure: an expert LLM (e.g., Qwen2.5-32B-Instruct) is
prompted to summarize the trajectory and then reformat the summary into our predefined draft struc-
ture. Importantly, to prevent the draft from prematurely revealing key solution steps, it is designed
as a high-level plan that is logically derivable from the initial problem description alone.

Supervised Fine-Tuning with Draft. τ = (u0, d, y0 · · · , ui, yi, · · · , uN , yN ) is an interaction
trajectory in a message list manner, where ui represents the user’s instruction, or the observation
from the environment, and yi denotes the response from the agent, including a thought and an
action. The policy πθ is trained via supervised fine-tuning (SFT) with draft, a.k.a. draft & tool-use
fine-tuning (DTFT) to imitate expert trajectories conditioned on history:

LDTFT = −Eτ∼D

logπθ(d|u0)︸ ︷︷ ︸
Draft

+
N∑
i=1

logπθ(yi|hi)︸ ︷︷ ︸
Tool-Use

 , (6)

where hi = (u0, d, y0, · · · , ui−1, yi−1, ui) is the interaction history, a.k.a. the prefix of an expert
trajectory.

A.3 RL TRAINING RECIPE

We adopt a subset of AirQA3 (Huang et al., 2025) as our training dataset due to its high question
diversity and its balanced distribution of difficulty levels. Specifically, to ensure the quality and
difficulty of training samples, we apply a special filtering strategy inspired from curriculum learning
and hard exapmle mining (Shrivastava et al., 2016; Portelas et al., 2020): We first evaluate a baseline
agent (DTFT-trained Qwen2.5-7B-Instruct) on the 693-instance dataset. From this evaluation, we
collect the M = 143 instances that the agent answered correctly. These instances form the initial
seed of our training set. To augment this set, we then randomly sample an additional 400−M = 257

3Since AirQA-Real is a subset of the AirQA dataset, our evaluation uses the set difference which comprises
a total of 693 instances.
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Figure 6: The distribution of interaction turns of the model on AirQA-Real. Left: Qwen2.5-3B-
Instruct. Right: Qwen2.5-7B-Instruct.

instances from the remaining questions, creating a final training set of 400 instances. To avoid
introducing any ordering bias during training, the final constructed training set is randomly shuffled.

We adopt the TRL (von Werra et al., 2020) framework for multi-turn RL training, each experiment
is trained on 8 Ascend 910B NPUs. We use a cosine learning scheduler from 1e-6 with a batch size
of 8. The following is a more detailed hyperparameter report:

• Maximum interaction turn: 10
• Temperature: 0.7
• Top-p: 0.95
• Window size for context: 5
• Action format: Markdown
• Maximum response length (single-turn): 256

A.4 ADDITIONAL EXPERIMENTS

A.4.1 INTERACTION TURNS

While our analysis in Section 4.3 focused on the average number of interaction turns, this section
provides a more granular investigation into the full distribution of these turns. Figure 6 and Fig-
ure 7 illustrate the distribution of interaction turns for our different training methods. Specifically,
the former shows the results on AirQA-Real, while the latter shows the results on SciDQA. On
the AirQA-Real, the SFT-only baseline is prone to inefficient exploration. This inefficiency, com-
pounded by the limited semantic understanding of smaller models, often results in repetitive, futile
search queries that exhaust the maximum interaction limit. In contrast, the optimal solution path
for most tasks involves a concise three-step sequence. Our DTFT and DFPO models successfully
learn this efficient strategy, concentrating their interaction turn distributions around this optimal
value. A nuanced comparison between our 3B and 7B models reveals further insights. While both
models are efficient, the 7B model exhibits a slightly higher average number of interaction turns.
This suggests that the larger model leverages its superior comprehension abilities to conduct addi-
tional verification steps on more complex questions, rather than prematurely generating a potentially
superficial answer. Similar, though less pronounced, trends are observed on the SciDQA. In conclu-
sion, our methods significantly enhance interaction efficiency without compromising performance.
Nevertheless, improving the agent’s deep semantic comprehension of retrieved content remains a
key direction for future research.

A.4.2 REPETITION

We next analyze the extent to which PaperCompass exhibits repetitive behavior during training. To
quantify this, we first introduce a metric termed the Repetition Score. To define the Repetition
Score for a single trajectory, we first group all executed actions. Actions are assigned to the same
group if and only if their function names and parameters are identical. Let |C| be the total number
of unique action groups, and let Ni be the number of occurrences of the i-th unique action.The
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Figure 7: The distribution of interaction turns of the model on SciDQA. Left: Qwen2.5-3B-Instruct.
Right: Qwen2.5-7B-Instruct.

Repetition Score is then formally defined as:

Repetion Score = −0.1 ·
(

max
j∈{1,...,|C|}

{N1, N2, . . . , N|C|} − 1

)
. (7)

As shown in Figure 8, the agent’s tendency to repeat actions steadily decreases during training pro-
cess. We attribute this improvement to two factors. First, by decoupling the optimization of draft
and solution, DFPO incentivizes the generation of higher-quality plans. This leads to more effective
exploration during the solution phase and reduces the likelihood of the agent entering unproductive
loops. Second, we observe a more nuanced recovery strategy. Even when the agent encounters a dif-
ficult state, it learns to vary its actions rather than repeating them verbatim. Our training logs reveal
that while the agent often re-uses the same retrieval tool, it intelligently modifies the query parame-
ters. This is particularly effective for vector-based methods like RetrieveFromVectorstore,
where minor parameter changes can yield substantially different results and allow the agent to es-
cape repetitive states. Thus, while the final accuracy gains of PaperCompass may be marginal, the
key result is that it learns a significantly more efficient and robust retrieval strategy. We argue that
this learned procedural improvement represents the core contribution of our work.

A.4.3 RL TRAINING SETTING ABLATION

Draft-and-Follow can increase performance. When initialized from our DTFT model, both the
M-GRPO and DAPO baselines exhibit significantly improved performance compared to their SFT-
based counterparts. Notably, the performance degradation previously observed with M-GRPO is
mitigated (a finding consistent with Figure 1(b) and Figure 5). This suggests that the draft guides
the agent’s exploration toward more effective strategies, preventing it from reinforcing spurious
reasoning paths that might coincidentally lead to a correct answer.

Figure 8: Repetition Score during DFPO training
process.

DFPO further enhances the interaction ef-
ficiency without sacrificing performance.
While DAPO achieves a marginally higher ac-
curacy on AirQA-Real, our DFPO algorithm
demonstrates a significant advantage in inter-
action efficiency. In SciDQA, DFPO achieved
SOTA in both of the above metrics. We hy-
pothesize this trade-off stems from differing ex-
ploratory behaviors. DAPO’s aggressive explo-
ration, driven by its clip-higher strategy, may
occasionally allow it to escape local optima.
However, without a mechanism to explicitly
optimize the draft itself, DAPO can be mis-
led by suboptimal drafts, leading to inefficient
search patterns that require many steps to re-
solve. In contrast, DFPO is explicitly designed
to first optimize the quality of the draft. By ensuring a high-quality plan before execution, DFPO
promotes a more focused and efficient exploration strategy from the outset, explaining its superior
interaction efficiency.
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Table 3: Ablation study on SFT training settings. To ensure fair comparison, all SFT training settings
are subsequently trained by DFPO with same configurations.

Setting AirQA-Real SciDQA
Avg. I-Avg. Avg. I-Avg.

Qwen2.5-3B-Instruct

DTFT 23.7 20.0 43.5 36.1
SFT 20.4(↓ 13.9%) 14.8(↓ 26.0%) 39.5(↓ 9.2%) 27.7(↓ 23.3%)

Qwen2.5-7B-Instruct

DTFT 25.3 21.0 48.3 37.4
SFT 20.1(↓ 16.6%) 15.4(↓ 26.7%) 43.6(↓ 9.7%) 29.8(↓ 20.3%)

Both negative sample masking and reward router are indispensable. Our ablation study demon-
strates that both the negative sample masking and reward router are crucial for performance, with
the latter having a more substantial impact. These results align with our theoretical analysis. The
removal of negative sample masking is particularly detrimental. As established in Theorem 1, its
absence can cause DFPO to erroneously reinforce drafts that lead to incorrect solutions. This in-
troduces conflicting policy gradients, severely destabilizing the optimization process. The reward
router addresses a more subtle issue. While a fine-tuned agent is unlikely to engage in simple reward
hacking as shown in Appendix C, the router is crucial for reliably differentiating between the quality
of various positive samples within a group. Without it, the optimization may incorrectly assign the
highest advantage to a suboptimal answer.

A.4.4 SFT TRAINING SETTING ABLATION

We next investigate whether our proposed DTFT stage is a critical component or if a standard SFT
approach would suffice. To this end, we compare two experimental conditions for both the 3B
and 7B models: (1) DFPO applied to a DTFT-initialized agent, and (2) DFPO applied to an SFT-
initialized agent. The results are shown in Table 3, we observe that agent’s performance degrades
significantly with a direct SFT. The disproportionately larger performance drop in the I-Avg score,
compared to the Avg score, underscores the critical role of the DTFT stage in enhancing the agent’s
interaction efficiency. We attribute the underperformance of the SFT-based model, relative to the
DTFT-initialized version, to the following key factors:

Incorrect draft format. Although we provided a one-shot, in-context example of a detailed, step-
by-step draft, the agent’s planning behavior degraded as training progressed. Initially, the generated
draft deviated from the structured format, becoming overly coarse-grained. In the most severe cases,
the draft degenerated into a mere repetition or slight rephrasing of the input question, offering no
actionable plan.

Hallucination. A second failure mode involves the agent attempting to execute tool calls during
the draft generation stage. This action is invalid, as no tools are available during this high-level
planning phase. More critically, the agent often proceeds to hallucinate a fictitious tool response.
This fabricated output severely pollutes the context, leading to irrecoverable errors in the subsequent
solution phase.

Context conflict. A third failure mode arises during the solution phase, even when the initial draft
is correct. At certain forks, the agent can encounter a context conflict where observations from a
tool call seem to contradict the high-level plan. The SFT-only agent struggles to arbitrate between
these signals, often deviating from the optimal path, it will also cause significant difficulties for the
optimization of DFPO. Our DTFT stage is designed to resolve this ambiguity by explicitly training
the agent to prioritize and faithfully execute its established draft.

A.4.5 KNOWING-DOING GAP PROBE

To measure the knowing–doing gap, we use a UCB-based diagnostic bandit task (Schmied et al.,
2025). In each episode, the agent is shown 3 arms, each associated with a hidden reward distri-
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Figure 9: Confusion matrix for the Knowing-Doing Gap of PaperCompass-7B (Left) vs. Qwen2.5-
7B-Instruct (Right).

bution. The agent must (i) compute the value scores provided in the prompt (“knowing”) and (ii)
select an arm (“doing”). The optimal arm is uniquely determined from the scores, so a mismatch
between reasoning and action directly reflects a knowing–doing gap. We evaluate the model over 64
independent environments, each with 50 decision steps, and report how often the model correctly
identifies the optimal arm but fails to choose it. As shown in the Figure 9, PaperCompass-7B not
only achieves a higher rate of correct reasoning (16.5% vs. 13.7%), but also conditioned on the
steps where the model’s reasoning is correct (Knowing=True), it also converts that reasoning into
correct actions more reliably: 8.3/16.5 = 50.3% for PaperCompass-7B versus 5.7/13.7 = 41.6% for
Qwen2.5-7B-Instruct. This directly indicates a reduction in the knowing–doing gap.

Instructions for PaperCompass-7B or Qwen2.5-7B-Instruct as UCB agent

Your task is to act according to the Upper-Confidence-Bound (UCB) algorithm. First, briefly
write down the UCB algorithm. The UCB value for each arm a at step t is defined as:

UCB(a, t) = avg_reward(a) + c ·

√
log(t)

pulls(a)

where:
- avg_reward(a) is the empirical mean reward of arm a,
- pulls(a) is the number of times arm a has been selected,
- c is a positive exploration coefficient.

Then compute the UCB value for every button (you may approximate the values). Finally,
select your action according to the computed UCB quantities.
You MUST output the UCB values in the following format (one per line):

[UCB](If some buttons do not exist in this task, ignore them.)
blue: <value>
green: <value>
red: <value>

Then, at the end of your answer, output your final action in the form:
ACTION=<color>

[History]
So far you have tried/seen:
{history}

Step=t What do you do next?
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B THEORETICAL PROOFS

In this section, we provide detailed proofs of our theoretical results.

B.1 PROOF FOR PROPOSITION 1

Proof. Based on policy gradient theorem (Sutton et al., 1999a), we can derive the policy gradient of
DFPO:

∇θJDFPO(θ) =Eq∼P (q),{di,yi}G
i=1∼(πθ(d|q),πθ(y|q,d)){

1

G

G∑
i=1

[
1

|di|+ |yi|

(
Âdraft

i ∇θ logπθ(di|q) + Âsolution
i ∇θ logπθ(yi|q, di)

)]}
.

Since we throw out the constraint of KL divergence, and we utilize rule-based reward as feedback,
the advantage should be equal at every moment and is independent of token index.

∇θJDFPO(θ)

= Eq∼P (q),{di}G
i=1∼πθ(d|q)

{
1

G

G∑
i=1

[
1

|di|+ |yi|
Âdraft

i ∇θ logπθ(di|q)
]}

+ Eq∼P (q),{yi}G
i=1∼πθ(y|q,d)

{
1

G

G∑
i=1

[
1

|di|+ |yi|
Âsolution

i ∇θ logπθ(yi|q, di)
]}

= Eq∼P (q),{di◦yi}G
i=1∼πθ(d◦y|q))

{
1

G

G∑
i=1

[
1

|di|+ |yi|
Âsolution

i ∇θ logπθ(di ◦ yi|q)
]}

+ Eq∼P (q),{di}G
i=1∼πθ(d|q)

{
1

G

G∑
i=1

[
1

|di|+ |yi|

(
Âdraft

i − Âsolution
i

)
∇θ logπθ(di|q)

]}
= ∇θJM-GRPO(θ)

+ Eq∼P (q),{di}G
i=1∼πθ(d|q)

{
1

G

G∑
i=1

[
1

|di|+ |yi|

(
Âdraft

i − Âsolution
i

)
∇θ logπθ(di|q)

]}

= ∇θJM-GRPO(θ) + Eq∼P (q),{di}G
i=1∼πθ(d|q)

{
1

G

G∑
i=1

[
∆Âi∇θ logπθ(di|q)

]}
.

Considering a more general setting, we now analyze rollouts generated from old policy—a technique
central to algorithms like PPO (Schulman et al., 2017) and GRPO (Shao et al., 2024). Then, the
objective function of DFPO, which we call as DFPO-off, becomes the following form:

JDFPO-off(θ) =Eq∼P (q),{di,yi}G
i=1∼(πold(d|q),πold(y|q,d)) 1

G

G∑
i=1

 1

|di|+ |yi|

 |di|∑
t=1

ρdraft
i,t +

|di|+|yi|∑
t=|di|+1

ρsolution
i,t

 ,
(8)

where ρ denotes the clipping operation:
ρdraft
i,t = min

{
πθ(di,t|q, di,<t)

πold(di,t|q, di,<t)
Âdraft

i,t , clip
(

πθ(di,t|q, di,<t)

πold(di,t|q, di,<t)
, 1− ϵ, 1 + ϵ

)
Âdraft

i,t

}
ρsolution
i,t = min

{
πθ(yi,t|q, di, yi,<t)

πold(yi,t|q, di, yi,<t)
Âsolution

i,t , clip
(

πθ(yi,t|q, di, yi,<t)

πold(yi,t|q, di, yi,<t)
, 1− ϵ, 1 + ϵ

)
Âsolution

i,t

}
We analyze the signs of the draft and solution advantages, assuming the application of negative
sample masking. As mentioned in Section 3.3, we directly set Âdraft

i,t = Âdraft
i and Âsolution

i = Âsolution
i .
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Case 1: If solution is incorrect, we get Âdraft
i,t = Âsolution

i,t ≤ 0,

min
{

πθ(di,t|q, di,<t)

πold(di,t|q, di,<t)
Âdraft

i , clip
(

πθ(di,t|q, di,<t)

πold(di,t|q, di,<t)
, 1− ϵ, 1 + ϵ

)
Âdraft

i

}
= min

{
πθ(di,t|q, di,<t)

πold(di,t|q, di,<t)
Âsolution

i , clip
(

πθ(di,t|q, di,<t)

πold(di,t|q, di,<t)
, 1− ϵ, 1 + ϵ

)
Âsolution

i

}
.

Case 2: If solution is correct, we get Âsolution
i,t ≥ 0,

Case 2.1: If draft reward is relative high, we get Âdraft
i,t ≥ 0,

min
{

πθ(di,t|q, di,<t)

πold(di,t|q, di,<t)
Âdraft

i , clip
(

πθ(di,t|q, di,<t)

πold(di,t|q, di,<t)
, 1− ϵ, 1 + ϵ

)
Âdraft

i

}
= min

{
πθ(di,t|q, di,<t)

πold(di,t|q, di,<t)
, clip

(
πθ(di,t|q, di,<t)

πold(di,t|q, di,<t)
, 1− ϵ, 1 + ϵ

)}
Âdraft

i

= min
{

πθ(di,t|q, di,<t)

πold(di,t|q, di,<t)
, clip

(
πθ(di,t|q, di,<t)

πold(di,t|q, di,<t)
, 1− ϵ, 1 + ϵ

)}
Âsolution

i

+ min
{

πθ(di,t|q, di,<t)

πold(di,t|q, di,<t)
, clip

(
πθ(di,t|q, di,<t)

πold(di,t|q, di,<t)
, 1− ϵ, 1 + ϵ

)}(
Âdraft

i − Âsolution
i

)
Case 2.2: If draft reward is relative low, we get Âdraft

i,t ≤ 0,

min
{

πθ(di,t|q, di,<t)

πold(di,t|q, di,<t)
Âdraft

i , clip
(

πθ(di,t|q, di,<t)

πold(di,t|q, di,<t)
, 1− ϵ, 1 + ϵ

)
Âdraft

i

}
= max

{
πθ(di,t|q, di,<t)

πold(di,t|q, di,<t)
, clip

(
πθ(di,t|q, di,<t)

πold(di,t|q, di,<t)
, 1− ϵ, 1 + ϵ

)}
Âdraft

i

≤ min
{

πθ(di,t|q, di,<t)

πold(di,t|q, di,<t)
Âsolution

i , clip
(

πθ(di,t|q, di,<t)

πold(di,t|q, di,<t)
, 1− ϵ, 1 + ϵ

)
Âsolution

i

}
Then, we derive the surrogate objective function as follow:
Jsurrogate(θ) =Eq∼P (q),{di,yi}G

i=1∼(πold(d|q),πold(y|q,d))

1

G


G∑
i=1

 1

|di|+ |yi|

|di|+|yi|∑
t=1

ρdraft-solution
i,t

+

G′∑
j=1

 1

|dj |+ |yj |

|dj |∑
t=1

Rj,t

(
Âdraft

j − Âsolution
j

) ,

where G′ is the case number of case 2.1,
|di|+|yi|∑

t=1

ρdraft-solution
i,t =

|di|∑
t=1

min
{

πθ(di,t|q, di,<t)

πold(di,t|q, di,<t)
Âsolution

i , clip
(

πθ(di,t|q, di,<t)

πold(di,t|q, di,<t)
, 1− ϵ, 1 + ϵ

)
Âsolution

i

}

+

|di|∑
t=1

min
{

πθ(yi,t|q, di, yi,<t)

πold(yi,t|q, di, yi,<t)
Âsolution

i,t , clip
(

πθ(yi,t|q, di, yi,<t)

πold(yi,t|q, di, yi,<t)
, 1− ϵ, 1 + ϵ

)
Âsolution

i,t

}
,

and

Rj,t = min
{

πθ(dj,t|q, dj,<t)

πold(dj,t|q, dj,<t)
, clip

(
πθ(dj,t|q, dj,<t)

πold(dj,t|q, dj,<t)
, 1− ϵ, 1 + ϵ

)}
.

Through algebraic manipulation, the expression simplifies to:
JDFPO-off(θ) ≤ Jsurrogate(θ)

= JM-GRPO-off(θ) + E


G′∑
j=1

 1

|dj |+ |yj |

|dj |∑
t=1

Rj,t

(
Âdraft

j − Âsolution
j

) .
(9)

Maximizing the DFPO-off objective, therefore, optimizes a lower bound on the surrogate objective.
We’ve also found that the relationship between this surrogate and the M-GRPO-off policy gradient
is analogous to what we established in Proposition 1. This is a significant result, as it shows the
theoretical guarantees of Proposition 1 extend to the near off-policy setting.

24



1296
1297
1298
1299
1300
1301
1302
1303
1304
1305
1306
1307
1308
1309
1310
1311
1312
1313
1314
1315
1316
1317
1318
1319
1320
1321
1322
1323
1324
1325
1326
1327
1328
1329
1330
1331
1332
1333
1334
1335
1336
1337
1338
1339
1340
1341
1342
1343
1344
1345
1346
1347
1348
1349

Under review as a conference paper at ICLR 2026

B.2 PROOF FOR THEOREM 1

To prove Theorem 1, we first establish a definition and two essential lemmas before proving the
main theorem.
Definition 1 (Index Partitions). We partition the set of indices {1, . . . , n} into two disjoint sets:

• I1 = {i | rsolution
i = 1}, with cardinality n1 = |I1|.

• I0 = {i | rsolution
i = 0}, with cardinality n0 = |I0|.

We assume n1 > 0 and n0 > 0 to ensure non-trivial cases.
Lemma 1 (Coefficient of Variation Inequality). The coefficients of variation for rsolution and rdraft

satisfy the inequality:
CV(rdraft) ≥ CV(rsolution). (10)

Proof. It is sufficient to prove the inequality for the squared values, CV(rdraft)2 ≥ CV(rsolution)2.
For rsolution, we have r̄solution = n1/n and s2rsolution = n1n0/n

2. Thus,

CV(rsolution)2 =
s2rsolution

(r̄solution)2
=

n1n0/n
2

(n1/n)2
=

n0

n1
.

For rdraft, let:

µd1 =
1

n1

∑
j∈I1

dj and σ2
d1 =

1

n1

∑
j∈I1

(dj − µd1)
2.

It can be shown that r̄draft = n1

n µd1 and s2rdraft =
n1

n σ2
d1 +

n1n0

n2 µ2
d1. This gives:

CV(rdraft)2 =
s2rdraft

(r̄draft)2
=

n1

n σ2
d1 +

n1n0

n2 µ2
d1

(n1

n µd1)2
=

n

n1

σ2
d1

µ2
d1

+
n0

n1
.

The inequality CV(rdraft)2 ≥ CV(rsolution)2 becomes

n

n1

σ2
d1

µ2
d1

+
n0

n1
≥ n0

n1
,

this holds true since variance σ2
d1 ≥ 0.

Lemma 2 (Variance Bound for Bounded Data, Bhatia & Davis (2000)). Let rdraft be a vector with
all values in [0, rdraft

imax
]. Its population variance s2rdraft is bounded by s2rdraft ≤ r̄draft(rdraft

imax
− r̄draft).

Proof. From assumption, it is evident that both the term (rdraft
i − 0) and the term (rdraft

imax
− rdraft

i ) are
non-negative. Therefore, their product must also be non-negative:

(rdraft
imax

− rdraft
i )(rdraft

i − 0) ≥ 0.

This inequality holds for every element i = 1, . . . , n. We can therefore sum this expression over all
n data points, and the resulting sum will also be non-negative:

n∑
i=1

(
rdraft
imax

· rdraft
i − (rdraft

i )2
)
≥ 0.

By the linearity of summation, we can distribute the sum:

rdraft
imax

n∑
i=1

rdraft
i −

n∑
i=1

(rdraft
i )2 ≥ 0.

To introduce the mean (r̄draft) and variance (s2rdraft ), we divide the entire inequality by n:

rdraft
imax

(
1

n

n∑
i=1

rdraft
i

)
−

(
1

n

n∑
i=1

(rdraft
i )2

)
≥ 0.
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We know that the population variance is defined as s2rdraft =
(
1
n

∑n
i=1(r

draft
i )2

)
− (r̄draft)2. This can

be rearranged to
(
1
n

∑n
i=1(r

draft
i )2

)
= s2rdraft + (r̄draft)2. Substituting this into our inequality gives:

rdraft
imax

· r̄draft − (s2rdraft + (r̄draft)2) ≥ 0.

Finally, we rearrange the terms to isolate the variance s2rdraft :

s2rdraft ≤ rdraft
imax

· r̄draft − (r̄draft)2.

Factoring the right-hand side gives the desired result:

s2rdraft ≤ r̄draft(rdraft
imax

− r̄draft).

Next, we formally prove the Theorem 1. To make our proofs briefly, with a slight abuse of symbols,
all the advantages that appear in the following proofs are the original advantage that is before evenly
distributed each token.

Proof. Part 1: For any i ∈ I0, rsolution
i = rdraft

i = 0. The advantages are

Âsolution
i = − 1

CV(rsolution)
and Âdraft

i = − 1

CV(rdraft)
.

The inequality Âsolution
i ≤ Âdraft

i is thus equivalent to CV(rdraft) ≥ CV(rsolution). This is proven by
Lemma 1.

Part 2: For any i ∈ I1, there is

rsolution
i = r̄solution

I1 ≥ |I1|
|I0|+ |I1|

· r̄solution
I1 = r̄solution,

which indicates that Âsolution
i ≥ 0. The inequality Âdraft

i ≤ Âsolution
i is thus equivalent to rdraft

i ≤ r̄draft,
assumed below.

Part 3: For imax ∈ I1, Âsolution
imax

= (1− r̄solution)(srsolution) =
√

n0/n1. We need to prove
√

n0/n1 ≤
Âdraft

imax
. Squaring both sides yields the equivalent inequality:

n0

n1
≤ (Âdraft

imax
)2 =

(rdraft
imax

− r̄draft)2

s2
rdraft

.

We apply Lemma 2, which gives s2rdraft ≤ r̄draft(rdraft
imax

− r̄draft). This implies a lower bound on the
squared advantage:

(Âdraft
imax

)2 ≥
(rdraft

imax
− r̄draft)2

r̄draft(rdraft
imax

− r̄draft)
=

rdraft
imax

r̄draft − 1.

The theorem holds if this lower bound is greater than or equal to n0/n1:

rdraft
imax

r̄draft − 1 ≥ n0

n1
⇐⇒

rdraft
imax

r̄draft ≥ n0 + n1

n1
=

n

n1
.

Substituting r̄draft = 1
n

∑
j∈I1

rdraft
j , this simplifies to:

rdraft
imax

≥ 1

n1

∑
j∈I1

rdraft
j .

This final inequality is true, as the maximum of a set is always greater than or equal to its mean.
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C REWARD ROUTER

Existing works in Agentic RL (Chen et al., 2025; Zheng et al., 2025; Jin et al., 2025) have often
utilized dense outcome rewards based on lexical overlap metrics like the F1-score. This approach
is favored for its computational simplicity and independence from manual annotation. However,
when applied to the domain of scientific papers, our analysis indicates that this reliance on surface-
level text matching exhibits significant limitations. This shortcoming is illustrated by the following
example:

An Example for F1 Score

Golden Answer: The proposed focus on taking a significant step forward in learning high-
performance generalist agents.

Predicted Answer 1: This paper concentrates on taking a important step forward in learning
outperformed generalist agents.
Predicted Answer 2: The proposed focus on taking a significant step forward in learning
high-performance expert agents.
Predicted Answer 3: In learning high-performance generalist agents In learning high-
performance generalist agents In learning high-performance generalist agents.

From a semantic standpoint, Predicted Answer 1 is clearly the most appropriate response. However,
calculating the F1-score for each predicted answer leads to a different conclusion:

F1-Score =
2 ∗ IN

PN + GN
.

Here, PN denotes the number of tokens in the predicted answer, GN denotes the number of tokens
in the golden answer, and IN represents the number of overlapping tokens between the two. This
yields F1 scores of 0.643, 0.929, and 0.357 for the three predicted answers, respectively. This
example illustrates the significant drawbacks of using the F1 score directly as a reward signal:

• Failure to Distinguish Between High-Quality and Low-Quality Answers: Predicted Answer
2, which is factually incorrect and a result of agent hallucination, nevertheless receives a very
high reward. Conversely, Predicted Answer 1, a semantically equivalent paraphrase of the golden
answer, is assigned a comparatively low score.

• Susceptibility to Reward Hacking: Predicted Answer 3 consists of nonsensical repetitions, yet
it still manages to obtain a non-trivial score. This demonstrates that an agent can easily exploit the
F1 metric to gain rewards for meaningless outputs.

To account for diverse question types, we introduce a reward router that provides a more accurate
evaluation of the agent’s output quality, thus yielding higher-fidelity gradient signals. Reward router
selects an appropriate reward function for each problem type from a predefined suite of 17 evaluation
functions based on Cao et al. (2025). In cases where the chosen function yields a continuous score,
a threshold is applied to binarize the output for use as a final reward signal.

D TRAJECTORY ENTROPY & NEGATIVE SAMPLE MASKING

Our implementation of PaperCompass incorporates two key techniques: Trajectory entropy (Agar-
wal et al., 2025) as a quality metric and negative sample masking to discourage the generation of
low-quality drafts. This section presents a qualitative analysis to investigate the impact of these
components on agent behavior.
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Table 4: The checklist of the 17 used evaluation functions, including their categories, names, and
descriptions.

Eval Type Sub-Type Function Description

objective

match

eval_bool_exact_match Evaluate the output against the answer using ex-
act boolean match.

eval_float_exact_match
Evaluate the output against the answer using ex-
act float match with variable precision or toler-
ance.

eval_int_exact_match Evaluate the output against the answer using ex-
act integer match.

eval_string_exact_match Evaluate the output against the answer using ex-
act string match.

eval_structured_object
_exact_match

Evaluate the output against the answer recur-
sively by parsing them both as Python-style lists
or dictionaries.

set

eval_element_included Evaluate whether the output is included in the an-
swer list.

eval_element_list_included Evaluate whether each element in the output list
is included in the answer list.

eval_element_list_overlap Evaluate whether the output list overlaps with the
answer list.

retrieval eval_paper_relevance_with
_reference_answer

Evaluate whether the retrieved paper is the same
as the reference answer.

subjective

semantic

eval_reference_answer
_with_llm

Evaluate the output against the reference answer
using LLMs.

eval_scoring_points_with
_llm

Evaluate whether the scoring points are all men-
tioned in the output using LLMs.

eval_partial_scoring_points
_with_llm

Evaluate whether the scoring points are partially
mentioned in the output using LLMs.

formula eval_complex_math_form
ula_with_llm

Evaluate the mathematical equivalence between
the output and the answer formatted in Latex us-
ing LLMs.

logical

eval_conjunction

Evaluate the conjunction of multiple evaluation
functions. The output passes the evaluation if and
only if all the elements in the output pass the cor-
responding sub-evaluations.

eval_disjunction

Evaluate the disjunction of multiple evaluation
functions. The output passes the evaluation if and
only if at least one of the element in the output
passes the corresponding sub-evaluation.

eval_negation
Evaluate the negation of an evaluation function.
The output passes the evaluation if and only if it
doesn’t pass the original evaluation function.

others eval_scidqa Evaluate examples in dataset SciDQA with the
encapsulated original LLM-based function.
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D.1 POLICY UPDATE

Proposition 2 (Stochastic Parameter Update for Tabular Softmax Policy). Let πθ(a|s) be a tabular
softmax policy parameterized by θs,a ∈ R for each state-action pair (s, a). The policy is defined as:

πθ(a|s) =
exp(θs,a)∑

b∈A(s) exp(θs,b)

Consider a stochastic gradient ascent update at step k on the policy gradient objective, using a
learning rate α > 0. The update is based on a single transition experience (st, at) and an associated
advantage estimate Ak(st, at). The resulting change in the parameters, ∆θst,a′ := θk+1

st,a′ − θkst,a′ ,
for any action a′ ∈ A(st) is given by:

∆θst,a′ =

{
α
(
1− πk

θ (at|st)
)
Ak(st, at), if a′ = at

− απk
θ (a

′|st)Ak(st, at), if a′ ̸= at
(11)

Focusing on the draft generation process, the application of negative sample masking modifies the
draft advantage term from Proposition 2 as follows:

Ak(st, at) = Âdraft
i =


Âsolution

i , if rsolution
i = 0

ρ(di)− meanj(ρ(dj))

stdj(ρ(dj))
, if rsolution

i = 1

Where −ρ(·) is trajectory entropy. To align the settings with those used in PaperCompass, we ana-
lyze the parameter update direction under the assumption that negative sample masking is applied.
It can be divided into the following situations:

❶Correct solution; Low trajectory entropy. As a result of this update, the new policy assigns a
higher probability to generating the target draft and, conversely, a lower probability to other potential
drafts. This process establishes a positive feedback loop: drafts that are both high-quality and
generated with high confidence receive a substantial reward, the magnitude of which is scaled by
that confidence. This, in turn, reinforces the policy, increasing the likelihood that similar effective
drafts will be generated in the future.

❷Wrong solution; Low trajectory entropy. For a wrong solution, our advantage calculation leads
to Âdraft

i = Âsolution
i ≤ 0. If the group contains a correct solution, the relative advantage term becomes

negative, and the policy update consequently suppresses the associated low-quality draft, thereby
promoting exploration. Moreover, negative sample masking addresses the worst-case scenario: if
a group consists entirely of negative samples, this mechanism prevents any policy update, thus
avoiding the erroneous reinforcement of poor-quality drafts.

❸Correct solution; High trajectory entropy. In contrast to ❶, a draft that leads to a correct
solution but is generated with low confidence (i.e., high trajectory entropy) is penalized. The policy
update suppresses the probability of this particular draft, redistributing the likelihood across other
potential plans. The rationale for this counter-intuitive mechanism is to discourage the agent from
relying on overly general or lucky guess, which might succeed on simple quesions but do not reflect
a robust understanding of the task. Ultimately, the goal is to incentivize the generation of drafts that
are not only effective but also well-reasoned and produced with high confidence.

❹Wrong solution; High trajectory entropy. Similar to ❷, the advantage for such a draft is guar-
anteed to be non-positive under negative sample masking. Given that the draft was generated with
low confidence, the magnitude of the resulting suppressive policy gradient is amplified.

D.2 POLICY ENTROPY

Lemma 3 (Policy Entropy Update, Zhang et al. (2025b)). Let the actor policy πθ be a tabular
softmax policy, the difference of information entropy H given state s between two consecutive steps
satisfies

H(πk+1
θ |s)−H(πk

θ |s) ≈ −Cova∼πk
θ (·|s)

(
log πk

θ (a|s) , ∆θs,a
)
. (12)
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According to our previous analysis, the policy we concern is the likelihood of draft, that is,
πk
θ (a|s) = πk

θ (di,t|q, di,<t). Combining the results from Appendix D.1 and Lemma 3, we observe
that the policy entropy decreases only when the agent generates a high-quality ‘draft’ with high
confidence (encouraging exploitation), and increases in all other cases (promoting exploration). Our
experiments further confirm that although the entropy of successful drafts decreases, the policy does
not suffer from mode collapse. This behavior reflects the intended role of our technical choices: in
particular, the external verifiable signal and negative sample masking, which is introduced to prevent
reinforcing erroneous drafts and thereby stabilize the optimization dynamics. They differentiate our
framework from many Reinforcement Learning from Internal Feedback (RLIF) methods (Agarwal
et al., 2025; Zhao et al., 2025).

D.3 SKETCH PROOFS

Proof. With the policy gradient theorem (Sutton et al., 1999a; Shao et al., 2024), which states that
the gradient of the objective function J (θ) can be expressed using the advantage function Aπ(s, a)
as:

∇θJ (θ) = Es∼dπ,a∼πθ
[∇θ log πθ(a|s)Aπ(s, a)]

For a stochastic gradient ascent (SGA) update based on a single sample (st, at) with learning rate
α, the parameter vector θ is updated in the direction of the gradient estimate:

θk+1 = θk + α∇θ log π
k
θ (at|st)Ak(st, at)

The change for a specific parameter θst,a′ , denoted by ∆θst,a′ , is the component of this update
vector corresponding to that parameter:

∆θst,a′ = α
∂

∂θst,a′
log πk

θ (at|st) ·Ak(st, at)

For any state s and action a, the log-policy is:

log πθ(a|s) = log

(
exp(θs,a)∑

b∈A(s) exp(θs,b)

)

= θs,a − log

 ∑
b∈A(s)

exp(θs,b)


Differentiating with respect to a parameter θs,a′ yields:

∂

∂θs,a′
log πθ(a|s) =

∂θs,a
∂θs,a′

−
∂

∂θs,a′

∑
b∈A(s) exp(θs,b)∑

b∈A(s) exp(θs,b)

= I(a = a′)− exp(θs,a′)∑
b∈A(s) exp(θs,b)

= I(a = a′)− πθ(a
′|s)

where I(·) is the indicator function.

Substituting this result back into the expression for ∆θst,a′ , with s = st and a = at, we get:

∆θst,a′ = α
(
I(at = a′)− πk

θ (a
′|st)

)
Ak(st, at)

This single expression can be split into the two cases:

• If a′ = at, the indicator I(at = at) = 1, so ∆θst,at = α
(
1− πk

θ (at|st)
)
Ak(st, at).

• If a′ ̸= at, the indicator I(at = a′) = 0, so ∆θst,a′ = α
(
0− πk

θ (a
′|st)

)
Ak(st, at) =

−απk
θ (a

′|st)Ak(st, at).
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E BENCHMARKS

E.1 DATASETS AND METRICS

• AirQA-Real (Cao et al., 2025) is a dataset for evaluating question-answering capabilities over
full-length academic documents. It consists of 553 challenging question-answer pairs, all of
which are manually annotated by 16 AI researchers based on a corpus of 6,797 recent scien-
tific papers. The questions in the AirQA-Real dataset cover a wide variety of task types such as
single-document detail extraction, multi-document analysis, and paper retrieval. Due to its com-
plexity, which spans categories like text, tables, images, and formulas, it has become a valuable
benchmark for evaluating the performance of advanced RAG systems, and is widely used to test
an agent’s ability to handle realistic research scenarios.

• SciDQA (Singh et al., 2024) is a dataset for evaluating the deep reading comprehension ability
of models on scientific literature. It consists of 2,937 challenging question-answer pairs. All of
them are naturally derived from the peer-review discussions on the OpenReview platform, fea-
turing questions from expert reviewers and answers from paper authors. The questions in the
SciDQA dataset cover a wide variety of information sources such as figures, tables, equations,
appendices, and even require reasoning across multiple documents. Due to the high quality and
depth of its questions, it has become a popular benchmark for evaluating complex scientific text
understanding, and is widely used to facilitate research beyond surface-level comprehension. For
our evaluation, we select a subset of 775 instances and reformatted them to align with the data
structure of the AirQA-Real benchmark.

For AirQA-Real, we implement instance-specific, execution-based evaluation by designing 18 func-
tions with optional parameters, also utilized for reward router. To evaluate performance on SciDQA,
we utilize an LLM-as-a-judge to score agent responses against reference answers. The scoring is
conducted on a 0-10 scale in 0.5-point increments and is then normalized to a 0-100 scale for report-
ing in Table 1.

E.2 CATEGORIES

Questions within the benchmarks are categorized based on their primary data modality into five
types: text, table, image, formula, and metadata. Following table presents illustrative examples
from each category.

Table 5: Examples from datasets.

Category Question Answer Format

text What are the main components of
ERRA model?

Your answer should be a python list of
strings, every element of the list is the
name of the component directly men-
tionned in this paper.

table
On which language does LLaMA-2 13B
with no removal reaches its second high-
est perplexity?

Your answer should be a word DI-
RECTLY FROM THE PDF WITHOUT
ANY EXPLANATION.

image
In Figure 1, the presence of what opera-
tion divides the discretization process of
continuous speech into two categories?

Your answer should be a python string.

formula

According to the methods proposed by
this paper,how to calculate the bias
Scores when aggregating attributions for
tokens, instances and instructions re-
spectively?

Your answer should be a python list of
three elements, every element is a for-
mula string in latex format.

metadata Who is the corresponding author of this
paper?

Your answer should be a python string
about the name of the corresponding au-
thor.
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F CASE STUDY

Case Trajectory in AirQA-Real (PaperCompass-7B)

[Question]: What research advances are incorporated into the generative language model
that used to generate associations in different languages in the anchor_pdf?
[Answer Format]: Your answer should be a python list of several strings.
[Anchor PDF]: ‘fd81f90f-555d-5e99-835b-153c2cdb7303’
[Reference Answer (Score Points)]:a ["Compute-optimal scaling", "Improved dataset
mixtures", "Architectural and objective improvements"]

[Draft]:
1. You should first use the ‘ClassicRetrieve‘ tool to search for relevant context about re-
search advances incorporated into the generative language model that generates associations
in different languages.
2. Next, you should analyze the search results to identify the most relevant ‘pdf_id‘ and use
the ‘RetrieveFromDatabase‘ tool to get the title and abstract of the paper from the database.
3. If the retrieved title and abstract do not directly answer the question, you should refine
your search by using the ‘ClassicRetrieve‘ tool again with a more specific query focusing on
the generative language model and research advances.
4. Finally, you should use the ‘GenerateAnswer‘ tool to provide the final answer based on
the most relevant information you have identified.

Interaction Turn 1

[Thought]:
To answer the question, I will first perform a similarity search in the vectorstore
to find relevant context about research advances incorporated into the generative lan-
guage model that generates associations in different languages. I will use the
"text_sentence_transformers_all_minilm_l6_v2" collection for this purpose.
[Action]:
ClassicRetrieve(query=’What research advances are incorporated into the generative lan-
guage model that used to generate associations in different languages?’, limit=5)
[Observation]:
{"score":0.7122,"pdf_id":"fd81f90f-555d-5e99-835b-153c2cdb7303","page_number":2,
"table_name":"chunks","column_name":"text_content","primary_key":"acafbdad-5c...}
{"score":0.6914,"pdf_id":"a6ef6048-ad5a-5bec-bd71-050211a1a772","page_number":11,
"table_name":"chunks","column_name":"text_content","primary_key":"1e1a8633-2c...}
{"score":0.6858,"pdf_id":"690324ff-819c-50e1-9e0e-212ff0e4288a","page_number":13,
"table_name":"chunks","column_name":"text_content","primary_key":"647610d9-aa...}
{"score":0.6796,"pdf_id":"f92054f4-7190-53ad-9861-3cb1dc663ec0","page_number":7,
"table_name":"chunks","column_name":"text_content","primary_key":"410764aa-fb...}
{"score":0.6661,"pdf_id":"a44a8437-adfe-5b69-90a7-7f7b3d88050d","page_number":1,
"table_name":"chunks","column_name":"text_content","primary_key":"0b877a14-6c...}

Interaction Turn 2

[Thought]:
The most relevant result is the first one, which mentions PaLM-2 (Anil et al., 2023) as a
generative language model used for generating associations in different languages. I will
retrieve the title and abstract of the paper with the corresponding ‘pdf_id‘ from the database
to get more context.
[Action]:
RetrieveFromDatabase(sql="SELECT title, abstract FROM metadata WHERE paper_id =
’fd81f90f-555d-5e99-835b-153c2cdb7303’;")
[Observation]:
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{"title":"SeeGULL Multilingual: a Dataset of Geo-Culturally Situated Stereo-
types","abstract":"While generative multilingual models are rapidly being deployed,
their safety and fairness evaluations are largely limited to resources collected in English.
This is especially problematic for evaluations targeting inherently socio-cultural phenomena
such as stereotyping, where it is important to build multilingual resources that reflect
the stereotypes prevalent in respective language communities. However, gathering these
resources, at scale, in varied languages and regions pose a significant challenge as it requires
broad socio-cultural knowledge and can also be prohibitively expensive. To overcome this
critical gap, we employ a recently introduced approach that couples LLM generations for
scale with culturally situated validations for reliability, and build SeeGULL Multilingual,
a global-scale multilingual dataset of social stereotypes, containing over 25K stereotypes,
spanning 23 pairs of languages and regions they are common in, with human annotations,
and demonstrate its utility in identifying gaps in model evaluations."}

Interaction Turn 3

[Thought]:
The retrieved title and abstract do not directly answer the question about research advances
incorporated into the generative language model. I will refine my search by using a more
specific query focusing on the generative language model and research advances.
[Action]:
ClassicRetrieve(query=’What research advances are incorporated into the generative
language model PaLM-2 for generating associations in different languages?’, limit=5)
[Observation]:
{"score":0.7419,"pdf_id":"fd81f90f-555d-5e99-835b-153c2cdb7303","page_number":2,
"table_name":"chunks","column_name":"text_content","primary_key":"acafbdad-5c..."}
{"score":0.7357,"pdf_id":"82faa706-bd3f-5fad-9180-b96a624b3dfb","page_number":10,
"table_name":"chunks","column_name":"text_content","primary_key":"4df57063-0d..."}
{"score":0.7095,"pdf_id":"1e6eeeab-ba5c-508e-a693-62a9b39f2d92","page_number":1,
"table_name":"chunks","column_name":"text_content","primary_key":"a3b70ca0-c5..."}
{"score":0.6903,"pdf_id":"eb787b77-5188-5411-b0f8-406356623bac","page_number":3,
"table_name":"chunks","column_name":"text_content","primary_key":"004cf773-bc..."}
{"score":0.6810,"pdf_id":"f175c474-44cb-532e-bba1-d2316790de1c","page_number":7,
"table_name":"chunks","column_name":"text_content","primary_key":"62c2c2a7-44..."}

Interaction Turn 4

[Thought]:
The most relevant result is the fourth one, which mentions PaLM-2 incorporating a diverse
set of research advances. I will retrieve the title and abstract of the paper with the corre-
sponding ‘pdf_id‘ from the database to get more context.
[Action]:
RetrieveFromDatabase(sql="SELECT title, abstract FROM metadata WHERE paper_id =
’eb787b77-5188-5411-b0f8-406356623bac’;")
[Observation]:
{"title":"PaLM 2 Technical Report","abstract":"We introduce PaLM 2, a new state-of-the-art
language model that has better multilingual and reasoning capabilities and is more compute-
efficient than its predecessor PaLM. PaLM 2 is a Transformer-based model trained using a
mixture of objectives. Through extensive evaluations on English and multilingual language,
and reasoning tasks, we demonstrate that PaLM 2 has significantly improved quality on
downstream tasks across different model sizes, while simultaneously exhibiting faster and
more efficient inference compared to PaLM. This improved efficiency enables broader de-
ployment while also allowing the model to respond faster, for a more natural pace of interac-
tion. PaLM 2 demonstrates robust reasoning capabilities exemplified by large improvements
over PaLM on BIG-Bench and other reasoning tasks. PaLM 2 exhibits stable performance
on a suite of responsible AI evaluations, and enables inference-time control over toxicity
without additional overhead or impact on other capabilities. Overall, PaLM 2 achieves state-
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of-the-art performance across a diverse set of tasks and capabilities. When discussing the
PaLM 2 family, it is important to distinguish between pre-trained models (of various sizes),
fine-tuned variants of these models, and the user-facing products that use these models. In
particular, user-facing products typically include additional pre- and post-processing steps.
Additionally, the underlying models may evolve over time. Therefore, one should not ex-
pect the performance of user-facing products to exactly match the results reported in this
report."}

Interaction Turn 5

[Thought]:
The retrieved title and abstract provide a comprehensive overview of the research advances
incorporated into PaLM-2. The abstract mentions that PaLM 2 has better multilingual and
reasoning capabilities, is more compute-efficient, and demonstrates robust reasoning capa-
bilities and stable performance on responsible AI evaluations. I will use this information to
generate the answer.
[Action]:
GenerateAnswer(answer=[’PaLM-2 has better multilingual and reasoning capabilities, is
more compute-efficient, and demonstrates robust reasoning capabilities and stable perfor-
mance on responsible AI evaluations.’, ’PaLM 2 has significantly improved quality on down-
stream tasks across different model sizes while exhibiting faster and more efficient inference
compared to PaLM.’, ’PaLM 2 exhibits stable performance on a suite of responsible AI
evaluations, and enables inference-time control over toxicity without additional overhead or
impact on other capabilities.’])
[Answer]:
[’PaLM-2 has better multilingual and reasoning capabilities, is more compute-efficient, and
demonstrates robust reasoning capabilities and stable performance on responsible AI eval-
uations.’, ’PaLM 2 has significantly improved quality on downstream tasks across different
model sizes while exhibiting faster and more efficient inference compared to PaLM.’, ’PaLM
2 exhibits stable performance on a suite of responsible AI evaluations, and enables inference-
time control over toxicity without additional overhead or impact on other capabilities.’] ✓

aUnseen for agent.

Case Trajectory in AirQA-Real (Qwen2.5-14B-Instruct)

[Question]: What research advances are incorporated into the generative language model
that used to generate associations in different languages in the anchor_pdf?
[Answer Format]: Your answer should be a python list of several strings.
[Anchor PDF]: ‘fd81f90f-555d-5e99-835b-153c2cdb7303’
[Reference Answer (Score Points)]: ["Compute-optimal scaling", "Improved dataset
mixtures", "Architectural and objective improvements"]

Interaction Turn 1

[Thought]:
I need to find the research advances incorporated into the generative language model that
used to generate associations in different languages from the anchor_pdf. I will use the
metadata and sections tables in the DuckDB database to retrieve this information.
[Action]:
RetrieveFromDatabase(sql="SELECT sections.section_title, sections.section_content
FROM sections JOIN metadata ON sections.ref_paper_id = metadata.paper_id WHERE
metadata.paper_id = ’fd81f90f-555d-5e99-835b-153c2cdb7303’ AND sections.section_title
LIKE ’%language model%’ AND sections.section_content LIKE ’%different lan-
guages%’;")
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[Observation]:
[Warning]: The SQL execution result is empty, please check the SQL first.

Interaction Turn 2

[Thought]:
The SQL query did not return any results, which means there are no sections directly titled
or content containing phrases related to "language model" and "different languages". I will
try a more general approach by searching for sections that discuss generative language mod-
els and multilingual associations.
[Action]:
ClassicRetrieve(query=’What research advances are incorporated into the generative lan-
guage model that used to generate associations in different languages?’, limit=5)
[Observation]:
{"score":0.7122,"pdf_id":"fd81f90f-555d-5e99-835b-153c2cdb7303","page_number":2,
"table_name":"chunks","column_name":"text_content","primary_key":"acafbdad-5c...}
{"score":0.6914,"pdf_id":"a6ef6048-ad5a-5bec-bd71-050211a1a772","page_number":11,
"table_name":"chunks","column_name":"text_content","primary_key":"1e1a8633-2c...}
{"score":0.6858,"pdf_id":"690324ff-819c-50e1-9e0e-212ff0e4288a","page_number":13,
"table_name":"chunks","column_name":"text_content","primary_key":"647610d9-aa...}
{"score":0.6796,"pdf_id":"f92054f4-7190-53ad-9861-3cb1dc663ec0","page_number":7,
"table_name":"chunks","column_name":"text_content","primary_key":"410764aa-fb...}
{"score":0.6661,"pdf_id":"a44a8437-adfe-5b69-90a7-7f7b3d88050d","page_number":1,
"table_name":"chunks","column_name":"text_content","primary_key":"0b877a14-6c...}

Interaction Turn 3

[Thought]:
From the retrieved results, the first entry mentions that the generative language model used
to generate associations in different languages is PaLM-2, which is trained on large multilin-
gual text across hundreds of languages. This information is sufficient to answer the question.
[Action]:
GenerateAnswer(answer=[’PaLM-2 is a generative language model trained on large multi-
lingual text across hundreds of languages.’])
[Answer]:
[’PaLM-2 is a generative language model trained on large multilingual text across hundreds
of languages.’] ✗

Case Trajectory in SciDQA (PaperCompass-7B)

[Question]: What are the results of CyCLIP on ImageNet-A/R/V2/Sketch datasets?
[Answer Format]: Your answer should be concise free-form text string, directly answering
the question(s).
[Anchor PDF]:‘6a0a1c4d-3b62-56cb-a6e9-48b790274828’
[Reference Answer]: CyCLIP outperforms CLIP on all these datasets on zero-shot
evaluation.

[Draft]:
1. You should first use the ‘ClassicRetrieve‘ tool to search for the results of CyCLIP on
ImageNet-A/R/V2/Sketch datasets by querying the vectorstore with the relevant text.
2. Next, you should analyze the search results to identify the most relevant entries that con-
tain the results of CyCLIP on the specified datasets.
3. If the initial search does not yield the specific results, you should refine the query to focus
more specifically on the datasets and the performance metrics of CyCLIP.
4. If the refined query still does not yield the specific results, you should use the ‘Re-
trieveFromDatabase‘ tool to search for the results of CyCLIP on ImageNet-A/R/V2/Sketch

35



1890
1891
1892
1893
1894
1895
1896
1897
1898
1899
1900
1901
1902
1903
1904
1905
1906
1907
1908
1909
1910
1911
1912
1913
1914
1915
1916
1917
1918
1919
1920
1921
1922
1923
1924
1925
1926
1927
1928
1929
1930
1931
1932
1933
1934
1935
1936
1937
1938
1939
1940
1941
1942
1943

Under review as a conference paper at ICLR 2026

datasets in the database, focusing on the relevant sections or tables.
5. Once you have identified the relevant results, you should use the ‘GenerateAnswer‘ tool
to provide the final answer based on the identified results.

Interaction Turn 1

[Thought]:
To answer the question, I will first use the ClassicRetrieve action to search for the results of
CyCLIP on ImageNet-A/R/V2/Sketch datasets by querying the vectorstore with the relevant
text. I will use the collection "text_sentence_transformers_all_minilm_l6_v2" for this pur-
pose, as it is a good general-purpose text embedding model.
[Action]:
ClassicRetrieve(query=’results of CyCLIP on ImageNet-A/R/V2/Sketch datasets’, limit=5)
[Observation]:
{"score":0.6317,"pdf_id":"6a0a1c4d-3b62-56cb-a6e9-48b790274828","page_number":5,
"table_name":"chunks","column_name":"text_content","primary_key":"6f1f2264-97...}
{"score":0.6300,"pdf_id":"6a0a1c4d-3b62-56cb-a6e9-48b790274828","page_number":5,
"table_name":"chunks","column_name":"text_content","primary_key":"84631a60-03...}
{"score":0.6166,"pdf_id":"6a0a1c4d-3b62-56cb-a6e9-48b790274828","page_number":2,
"table_name":"chunks","column_name":"text_content","primary_key":"9961b917-7b...}
{"score":0.6128,"pdf_id":"6a0a1c4d-3b62-56cb-a6e9-48b790274828","page_number":6,
"table_name":"chunks","column_name":"text_content","primary_key":"f9e3a833-53...}
{"score":0.6063,"pdf_id":"6a0a1c4d-3b62-56cb-a6e9-48b790274828","page_number":10,
"table_name":"chunks","column_name":"text_content","primary_key":"00448cf5-37...}

Interaction Turn 2

[Thought]:
The retrieved results provide some context about the performance of CyCLIP on the
ImageNet-A, ImageNet-R, ImageNetV2, and ImageNetSketch datasets. However, the ex-
act results for ImageNet-A/R/V2/Sketch datasets are not explicitly mentioned. I will now
refine the query to focus more specifically on the datasets and the performance metrics of
CyCLIP.
[Action]:
ClassicRetrieve(query=’performance of CyCLIP on ImageNet-A R V2 Sketch datasets’,
limit=5)
[Observation]:
{"score":0.6420,"pdf_id":"6a0a1c4d-3b62-56cb-a6e9-48b790274828","page_number":5,
"table_name":"chunks","column_name":"text_content","primary_key":"6f1f2264-97...}
{"score":0.6386,"pdf_id":"6a0a1c4d-3b62-56cb-a6e9-48b790274828","page_number":2,
"table_name":"chunks","column_name":"text_content","primary_key":"9961b917-7b...}
{"score":0.6083,"pdf_id":"6a0a1c4d-3b62-56cb-a6e9-48b790274828","page_number":5,
"table_name":"chunks","column_name":"text_content","primary_key":"84631a60-03...}
{"score":0.6009,"pdf_id":"6a0a1c4d-3b62-56cb-a6e9-48b790274828","page_number":10,
"table_name":"chunks","column_name":"text_content","primary_key":"00448cf5-37...}
{"score":0.5993,"pdf_id":"6a0a1c4d-3b62-56cb-a6e9-48b790274828","page_number":6,
"table_name":"chunks","column_name":"text_content","primary_key":"f9e3a833-53...}

Interaction Turn 3

[Thought]:
The refined query has provided more specific information about the performance of CyCLIP
on the ImageNet-A, ImageNet-R, ImageNetV2, and ImageNetSketch datasets. However, the
exact results for ImageNet-A/R/V2/Sketch are not explicitly mentioned. I will now use the
RetrieveFromDatabase action to search for the specific results in the database.
[Action]:
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RetrieveFromDatabase(sql="SELECT text_content FROM chunks WHERE ref_paper_id =
’6a0a1c4d-3b62-56cb-a6e9-48b790274828’ AND text_content LIKE ’%CYCLIP%’ AND
text_content LIKE ’%ImageNet%’ AND text_content LIKE ’%A%’ AND text_content
LIKE ’%R%’ AND text_content LIKE ’%V2%’ AND text_content LIKE ’%Sketch%’;")
[Observation]:
{"text_content":"generated using attacks on trained ImageNet models. In Table 2, we evalu-
ate the zero-shot classification accuracy of CYCLIP on four natural distribution shift bench-
marks for the ImageNet dataset: ImageNetV2 [48], ImageNetSketch [57], ImageNet-A [27],
and ImageNet-R [25]. For most of the distribution shift benchmarks, both CLIP and CY-
CLIP undergo a significant reduction in their zero-shot performance compared to the origi-
nal ImageNet1K dataset (last three columns in"}
{"text_content":"Table 2: Zeroshot Classification on Natural Distribution Shifts (%) Ima-
geNetV2 ImageNetSketch ImageNet-A ImageNet-R Top1 Top3 Top5 Top1 Top3 Top5 Top1
Top3 Top5 Top1 Top3 Top5 CLIP 16.91 29.28 34.99 10.37 19.15 24.20 4.23 11.35 16.88
24.32 39.69 47.20 CYCLIP 19.22 32.29 38.41 12.26 22.56 28.17 5.35 13.53 19.51 26.79
42.31 50.03 %GAIN +13.7 +10.3 +9.8 +18.2 +17.8 +16.4 +26.5 +19.2 +15.6 +10.2 +6.6
+6.0 this experiment by a significant margin of improvement (10 - 27%). This result indi-
cates that having"}

Interaction Turn 4

[Thought]:
The retrieved results provide the exact performance metrics of CyCLIP on the ImageNet-A,
ImageNet-R, ImageNetV2, and ImageNetSketch datasets. The results indicate that CYCLIP
outperforms CLIP with an average relative gain of +17% on ImageNet natural distribution
shift benchmarks. Based on this information, I can now generate the final answer.
[Action]:
GenerateAnswer(answer=’CYCLIP outperforms CLIP with an average relative gain of
+17% on ImageNet natural distribution shift benchmarks.’)
[Answer]:
CYCLIP outperforms CLIP with an average relative gain of +17% on ImageNet natural
distribution shift benchmarks. Scorea: 8.5

aEvaluated by gpt-4o-mini-2024-07-18

Case Trajectory in SciDQA (Qwen2.5-14B-Instruct)

[Question]: What are the results of CyCLIP on ImageNet-A/R/V2/Sketch datasets?
[Answer Format]: Your answer should be concise free-form text string, directly answering
the question(s).
[Anchor PDF]:‘6a0a1c4d-3b62-56cb-a6e9-48b790274828’
[Reference Answer]: CyCLIP outperforms CLIP on all these datasets on zero-shot
evaluation.

Interaction Turn 1

[Thought]:
To answer the question, I need to find the results of CyCLIP on the ImageNet-A/R/V2/Sketch
datasets. I will first try to search the metadata table for any mentions of these datasets and
CyCLIP. If no relevant information is found, I will then try to search the vectorstore using
the text modalities.
[Action]:
ClassicRetrieve(query=’CyCLIP and ImageNet-A/R/V2/Sketch datasets’, limit=5)
[Observation]:
{"score":0.5952,"pdf_id":"65d774b3-6bb6-5475-926a-0dfa3a2e9100","page_number":4,
"table_name":"chunks","column_name":"text_content","primary_key":"1c8430f1-e3...}
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{"score":0.5878,"pdf_id":"6a0a1c4d-3b62-56cb-a6e9-48b790274828","page_number":2,
"table_name":"chunks","column_name":"text_content","primary_key":"9961b917-7b...}
{"score":0.5790,"pdf_id":"a017fa2d-2f53-5616-b5a4-2aca563cc758","page_number":5,
"table_name":"chunks","column_name":"text_content","primary_key":"011300f4-e0...}
{"score":0.5608,"pdf_id":"6a0a1c4d-3b62-56cb-a6e9-48b790274828","page_number":5,
"table_name":"chunks","column_name":"text_content","primary_key":"2d851c74-f4...}
{"score":0.5579,"pdf_id":"6a0a1c4d-3b62-56cb-a6e9-48b790274828","page_number":6,
"table_name":"chunks","column_name":"text_content","primary_key":"f9e3a833-53...}

Interaction Turn 2

[Thought]:
From the search results, I found that CyCLIP has been evaluated on ImageNet-A and
ImageNet-V2 datasets. However, there is no direct mention of ImageNet-R and ImageNet-
Sketch datasets. I will now try to search the vectorstore using the image modality to find any
relevant images or regions that might contain information about these datasets.
[Action]:
ClassicRetrieve(query=’CyCLIP and ImageNet-A/R/V2/Sketch datasets’, limit=5, modal-
ity=’image’)
[Observation]:
[Error]: Failed to parse the parameters for action ClassicRetrieve from the response. Classi-
cRetrieve.__init__() got an unexpected keyword argument ’modality’.

Interaction Turn 3

[Thought]:
It seems that the ’modality’ parameter is not supported in the current implementation of the
ClassicRetrieve action. I will proceed with the text-based search and manually check if there
is any mention of ImageNet-R and ImageNet-Sketch datasets in the retrieved results.
[Action]:
GenerateAnswer(answer=’CyCLIP has been evaluated on ImageNet-A and ImageNet-V2
datasets. However, there is no direct mention of ImageNet-R and ImageNet-Sketch datasets
in the retrieved results.’)
[Answer]:
CyCLIP has been evaluated on ImageNet-A and ImageNet-V2 datasets. However, there
is no direct mention of ImageNet-R and ImageNet-Sketch datasets in the retrieved results.
Scorea: 1.5

aEvaluated by gpt-4o-mini-2024-07-18
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