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Abstract

Agentic search requires large language models
(LLMs) to perform multi-step search to solve
complex information-seeking tasks, imposing
unique challenges on their reasoning capabili-
ties. However, what constitutes effective rea-
soning for agentic search and how it can be
learned remains unclear. In this work, we first
investigate the reasoning behaviors that enable
success in agentic search. By comparing suc-
cessful and failed trajectories via an LLM-
based analysis pipeline, we identify four bene-
ficial behaviors: Information Verification, Au-
thority Evaluation, Adaptive Search, and Error
Recovery. Building on this, we propose Be-
havior Priming, a training approach that equips
agentic search models with these reasoning
behaviors before reinforcement learning (RL).
Specifically, it collects trajectories with the
identified behaviors for supervised fine-tuning
(SFT), and then applies standard RL to further
improve task performance. Experiments on
Qwen3-1.7B and Llama3.2-3B-Instruct show
that Behavior Priming yields relative improve-
ments over direct RL by 37.2% on three web
benchmarks and 6.2% on seven multi-hop QA
benchmarks, and outperforms the SFT-then-
RL baseline using outcome-correct trajectories
for fine-tuning. Crucially, we show that these
reasoning behaviors matter more than outcome
correctness in the priming stage prior to RL.
Further analysis reveals that Behavior Priming
enhances exploration (pass@8) and test-time
scaling (search step number), providing a ro-
bust foundation for RL.

1 Introduction

Agentic search (Jin et al., 2025a; Zheng et al.,
2025; Li et al., 2025a) represents a new search
paradigm in which large language models (LLMs)
perform multi-step search actions to solve com-
plex information needs. This process requires de-
composing tasks, performing multi-step searches,
and synthesizing search results into answers. Com-

mercial systems such as ChatGPT’s Deep Re-
search and Google Search’s AI Mode have rapidly
gained adoption (Zhou and Li, 2024; Business In-
sider, 2025; Verge, 2025), and the open-source
community has also made notable progress (Li
et al., 2025c; Jin et al., 2025b; Zheng et al., 2025;
GPTResearcher, 2025).

The core enabler of agentic search is the rea-
soning capability of LLMs, and RL has emerged
as a primary approach for incentivize such reason-
ing. This trend is primarily supported by prior
work in mathematics and coding (DeepSeek-AI
et al., 2025; Yang et al., 2025). However, recent
studies suggest that RL is not universally effective
across models; instead, its success often depends
on whether the model already exhibits certain ben-
eficial reasoning patterns (Yeo et al., 2025; Gandhi
et al., 2025; Wang et al., 2025b), such as the veri-
fication and backtracking in math reasoning.

The beneficial reasoning patterns may differ
across domains. Unlike mathematics or coding,
agentic search requires multi-step interaction with
environments, where models must identify use-
ful information from abundant search results, re-
solve contradictions across sources, and maintain
focus on task goals over extended trajectories. De-
spite rapid progress in applying RL to agentic
search (Jin et al., 2025b; Zheng et al., 2025; Song
et al., 2025), it still remains unclear which specific
reasoning behaviors are beneficial, and how to sys-
tematically cultivate them in agentic models.

In this paper, we first design an LLM-based
pipeline to study effective reasoning behaviors in
agentic search. We employ a reasoning LLM
to compare successful and failed agentic search
trajectories, and then extract behaviors based on
these analyses. Through this process, we identify
four beneficial reasoning behaviors: Information
Verification (validating results across sources), Au-
thority Evaluation (assessing reliability and resolv-
ing conflicts), Adaptive Search (modifying strate-
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Figure 1: The training dynamics and final performance on WebWalkerQA of Qwen3-1.7B. Left (SFT Stage): The
improvement of behavior frequencies, Pass@8, and average trajectory length after Behavior Prime SFT. Right (RL
Stage): The comparison of entropy and final performance of the base model (Direct RL) and the behavior-primed
model (Behavior Prime RL).

gies dynamically), and Error Recovery (detecting
and correcting mistakes). Evaluations across di-
verse models and benchmarks show that these be-
haviors generalize consistently: models that ex-
hibit them more frequently achieve stronger per-
formance, indicating that their importance is not
tied to a specific model or dataset.

We then propose Behavior Priming, a two-stage
training method that first cultivates these reason-
ing behaviors in agentic search models via SFT,
and subsequently improves performance through
RL. Specifically, we construct a large corpus of
agentic search trajectories, filter for those that ex-
hibit all four target reasoning behaviors, and fine-
tune models on the resulting data. Then we apply
RL on the behavior-primed model, allowing it to
refine and internalize these behaviors through its
own interaction experience, ultimately translating
them into improved task performance.

We demonstrate the effectiveness of Behav-
ior Priming through experiments on Qwen3-1.7B
and Llama3.2-3B-Instruct across three web bench-
marks and seven multi-hop QA benchmarks. We
compare our method against direct RL and two
commonly-used SFT-then-RL baselines, includ-
ing SFT on correct-outcome trajectories and di-
rect distillation. Results demonstrate that Behav-
ior Priming yields relative improvements over di-
rect RL by 37.2% on web benchmarks and 6.2%
on multi-hop QA benchmarks, and consistently
outperforms two SFT-then-RL baselines.

Crucially, we conducted an ablation study to
disentangle the impact of reasoning behaviors ver-
sus outcome correctness, revealing that behavior-
priming is effective even when the trajectories con-
taining reasoning behaviors lead to incorrect out-
comes. We compare models fine-tuned on trajecto-

ries that exhibit beneficial behaviors but lead to op-
posing outcomes: correct versus incorrect answers.
Remarkably, the model behavior-primed on incor-
rect trajectories achieves performance compara-
ble to its counterpart behavior-primed on correct
ones. This result highlights that reasoning behav-
iors, rather than outcome correctness, are the criti-
cal factor for unlocking RL potential.

Our analysis of training dynamics further clar-
ifies the mechanisms behind Behavior Priming.
As shown in Figure 1, after SFT, the frequency
of beneficial reasoning behaviors increases signifi-
cantly, accompanied by concurrent improvements
in pass@k accuracy and trajectory length. During
the RL phase, behavior-primed models maintain
higher policy entropy, whereas non-primed mod-
els exhibit a sharp decline in entropy. These re-
sults suggest that Behavior Priming enables more
effective RL improvement by providing a stronger
foundation for exploration and test-time scaling.

Our key contributions are as follows:

1. We identify four beneficial reasoning behav-
iors for agentic search with an LLM-based
trajectory analysis pipeline.

2. We propose Behavior Priming, a technique
that first instills beneficial reasoning behav-
iors via SFT and then boosts model perfor-
mance with RL.

3. We empirically demonstrate that Behavior
Priming significantly unlocks a model’s po-
tential in RL, enabling higher performance
by establishing a robust foundation for explo-
ration and test-time scaling capabilities.
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2 Related Work

Agentic search is an emerging search paradigm
where LLMs iteratively use search-related tools
to gather external information for complex
information-seeking tasks (Xu and Peng, 2025).
These systems can be categorized into two ap-
proaches. The first is multi-agent systems (Alzubi
et al., 2025; GPTResearcher, 2025; Li et al.,
2025c) with meticulously pre-defined workflows.
The second focuses on single-agent, end-to-end
systems (Zheng et al., 2025; Jin et al., 2025a;
Nguyen et al., 2025) where a single LLM itera-
tively invokes search-related tools based on histor-
ical context. Research on agentic search training
has predominantly focused on the latter as it’s eas-
ier and more effective for end-to-end training.

To train agentic search models, prior work re-
lies on SFT with synthesized trajectories, where
strong LLMs generate reasoning and search traces
that are distilled into smaller models (Asai et al.,
2023; Wang et al., 2025a). More recent studies
explore RL methods: some apply offline meth-
ods such as DPO in multi-agent systems (Li et al.,
2025c), while most train single-agent models end-
to-end with online RL (Zheng et al., 2025; Jin
et al., 2025b). To improve training efficiency, sev-
eral works further adopt a two-stage SFT-then-
RL paradigm, using SFT to initialize fundamental
tool-use and reasoning capabilities before RL opti-
mization (Li et al., 2025a; Tan et al., 2025).

From a broader perspective on LLM reasoning,
RL has been shown to substantially improve per-
formance in domains such as mathematics and
coding (DeepSeek-AI et al., 2025). Recent works
have shown that the effectiveness of RL is closely
tied to a models initial reasoning properties: mod-
els that benefit significantly from RL usually al-
ready exhibit certain behaviors like verification
and backtracking before RL (Gandhi et al., 2025;
Liu et al., 2025; Yeo et al., 2025). However, rel-
evant research has been predominantly concen-
trated on mathematics. For agentic domains, the
beneficial reasoning behaviors that enable effec-
tive RL remain underexplored. We study this ques-
tion in the context of agentic search.

3 Identifying Beneficial Behaviors in
Agentic Search

To investigate what constitutes effective reasoning
in agentic search, we first develop a standard agen-
tic search framework as a foundation for subse-

quent studies (Section 3.1), and then design a tra-
jectory analysis pipeline to identify beneficial rea-
soning behaviors (Section 3.2).

3.1 Standard Agenic Search Framework
To enable a unified investigation across diverse
LLMs, we introduce a standard agentic search
framework that follows common practice (Jin
et al., 2025b; Song et al., 2025; Zheng et al., 2025).
The framework operates iteratively. At step k,
given the history context ctxk, the model produces
an output yk = ⟨tk, ak⟩, where tk is the reason-
ing process and ak is the selected action. Ac-
tions are chosen from search and answer, with
an additional summary action for context manage-
ment. Specifically, search retrieves external infor-
mation infok, answer terminates the interaction,
and summary compresses the accumulated history
to manage context length, enabling support for
models with limited context capacity. The com-
plete prompts are provided in Appendix B.1.

Formally, the history context is updated as:

ctxk+1 =

{
ctxk + yk + infok, if ak = search

ak, if ak = summary

3.2 Identify Beneficial Reasoning Behaviors
A key challenge in our work is to identify which
reasoning behaviors are associated with strong
agentic search capability in a systematic way. To
achieve this, we design an LLM-based analysis
pipeline around a controlled comparison: under
the same agent framework and same tasks, we
compare trajectories where a stronger model suc-
ceeds and a weaker model fails. This design al-
lows us to hold the environment, task setup, and
tools largely constant, and focus on the difference
of models’ reasoning behaviors.

Concretely, we instantiate our agentic search
framework with Gemini 2.5 Flash as a strong
model and Qwen3-1.7B as a weak model. Both
models are evaluated on the web agent SFT dataset
of (Li et al., 2025b), which is also later used for tra-
jectory corpus generation (Section 4.1). We then
randomly sample 500 questions for which Gem-
ini 2.5 Flash produces a correct final answer while
Qwen3-1.7B fails, yielding paired successful and
failed trajectories for behavior analysis.

We next use reasoning LLMs to compare these
trajectory pairs and extract common reasoning be-
haviors associated with successful outcomes. In-
spired by prior work on automated rule genera-
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Table 1: Examples of four beneficial behaviors in the reasoning snippets of Gemini-2.5-Flash’s trajectories.

Information
Verification

Cross-source confirmation and exact-quote checking:
“My task is clear: verify if the quoted text exactly matches Greetham’s article... accuracy is paramount; I’ll
use ‘uncoupled’, ‘authors’, ‘mis-transmission’, and ‘veil’ to zero in on the relevant section.”

Authority
Evaluation

Narrowed focus to official data source:
“I’m aiming for the USGS’s own reports or databases, like the ‘Nonindigenous Aquatic Species’ page, to
get the most reliable data.”

Adaptive
Search

Methodical refinement based on previous results:
“The search engine may not have indexed the quote perfectly, or the user’s quote may differ slightly... I’ll
refine my strategy.”

Error
Recovery

Recognized previous incomplete results and corrected:
“My initial search didn’t deliver the goods... I need to get more precise.”

Figure 2: Frequency of the identified reasoning behaviors across models and web agent benchmarks. Bars indicate
behavior frequency in model trajectories (left axis), and dashed horizontal lines indicate benchmark scores (right
axis). Higher-performing models tend to exhibit these behaviors more frequently across benchmarks.

tion (Wang and Xiong, 2025), we employ a three-
stage pipeline: (1) Trajectory comparison: we
compare reasoning behaviors in trajectory pairs
to analyze why one attempt succeeds while the
other fails; (2) Behavior extraction: we extract key
reasoning behaviors contributing to success based
on this analysis; (3) Behavior consolidation: we
consolidate the extracted behaviors across trajec-
tories by merging similar behaviors and retaining
broadly applicable ones. Prompts are provided in
Appendix B.2.

We use Gemini 2.5 Flash for trajectory compar-
ison and behavior extraction, and Gemini 2.5 Pro
for the final consolidation stage. A subsequent
manual review further verifies that the identified
behaviors recur frequently across successful tra-
jectories. Through this process, we identify four
reasoning behaviors:

1. Information Verification, validating search re-
sults across multiple sources, and citing evi-
dence in the reasoning process;

2. Authority Evaluation, identifying conflicts
among different search results and analyzing

source credibility to prioritize authoritative
information;

3. Adaptive Search, dynamically modifying
search strategies based on previous search re-
sults;

4. Error Recovery, recognizing and correcting
mistakes made in prior steps.

To assess the generality of these behaviors, we
measure their frequency across multiple models
on three downstream web agent benchmarks. Be-
havior frequency is defined as the proportion of
trajectories exhibiting a given reasoning behav-
ior. We evaluate Gemini 2.5 Flash, DeepSeek-
R1, Llama3.2-3B-Instruct, and Qwen3-1.7B. As
shown in Figure 2, we observe a strong correla-
tion between model performance and behavior fre-
quency. The consistency of this trend across mul-
tiple models and different datasets provides evi-
dence that these reasoning behaviors are tightly
coupled with successful performance. The prompt
used for behavior measurement is provided in Ap-
pendix B.3.
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4 Behavior Priming: Unlocking the RL
Potential for Agentic Search

Having identified the beneficial reasoning behav-
iors, we now investigate whether cultivating them
can better unlock the potential of RL for agentic
search. We propose “Behavior Priming”, a method
that first cultivates target behaviors and then trains
behavior-primed models with RL.

4.1 Instilling Behaviors via SFT

To cultivate targeted behaviors in agentic models,
we collect a trajectory corpus from a strong model,
filter for trajectories that exhibit all identified rea-
soning behaviors, and use them for SFT.

We first generate a trajectory corpus on two
types of tasks: web agent tasks and multi-hop
QA tasks. Questions and ground-truth answers
for both datasets are drawn from the SFT dataset
of (Li et al., 2025b). For each question, we sample
10 trajectories using Gemini 2.5 Flash.

We then evaluate each trajectory for the pres-
ence of each behavior and select for those that ex-
hibit all four behaviors to construct the behavior-
priming dataset. For evaluation, we concatenate
the model outputs and search results at each step
to form a complete trajectory, and prompt an LLM
to assess whether the reasoning process at any step
demonstrates each target behavior. Prompt is pro-
vided in Appendix B.3. We select trajectories that
exhibit all behaviors as training data.

Following data preparation, we train models us-
ing supervised fine-tuning. We treat each step in a
trajectory as an independent training sample: for a
trajectory Ti = (⟨xi1, yi1⟩, ⟨xi2, yi2⟩, . . . , ⟨xiLi

, yiLi
⟩)

where xi, yi are the input and output, we aggregate
all input-output pairs to construct the SFT dataset:

DSFT = {⟨xik, yik⟩ | 1 ≤ k ≤ Li}

4.2 Reinforcement Learning

Building on the cultivated reasoning behaviors,
we use RL to further enhance the model’s perfor-
mance by allowing it to learn from its own explo-
ration experience.

We train models with the GRPO (Shao et al.,
2024) algorithm. For each question q, we rollout a
group of G trajectories {Ti}Gi=1. The policy is up-
dated by aggregating over all steps from the rollout
trajectories. The loss function is defined as:

JGRPO(θ) = Eq∼D, {Ti}Gi=1∼πθold

[
G∑

i=1

Li∑

k=1

|yk|∑

t=1

1

|yk|
min

(
ri,k,t(θ)Âi, clip(ri,k,t(θ), 1± ε)Âi

)]

where ri,k,t(θ) is the importance sampling ratio,
xk and yk are the input and output at step k, and
Âi is the advantage for that trajectory.

We employ an outcome-based reward. An
LLM-judge evaluates the final answer ai against
ground-truth, assigning a binary reward Ri of 1 for
a correct answer and 0 otherwise. The reward Ri

and the advantage Âi are constant for all steps in
trajectory Ti. For datasets, we use the web agent
RL dataset of (Li et al., 2025b) for the web agent
tasks and the dataset from (Zheng et al., 2025) for
multi-hop QA tasks.

5 Experiments

In this section, we present a comprehensive evalu-
ation of our Behavior Priming method. We com-
pare it with direct RL and strong SFT-then-RL
baselines on web agent and multi-hop QA tasks
(Section 5.1), disentangle the reasoning process
from outcome correctness (Section 5.2), and study
the impact of SFT data scale (Section 5.3). De-
tailed experimental setup is in Appendix A.

5.1 Baselines
To evaluate the effect of our behavior-centric data
curation method, we compare it against some
widely adopted methods for agentic training.

Direct RL We include the Direct RL baseline
that applies RL directly without any preceding su-
pervised fine-tuning. This baseline is introduced
to explicitly assess the role of the behavior cultiva-
tion stage of SFT, and to examine whether models
can spontaneously acquire the beneficial reason-
ing behaviors through RL, or achieve strong per-
formance without the behavioral prior.

SFT-then-RL Baselines We compare our
behavior-centric method with two common SFT-
then-RL baselines with different fine-tuning data
selection strategies: Distillation, which randomly
samples trajectories from the corpus generated by
the stronger model; and Outcome-driven, which
filters for trajectories with the correct final answer.
Both baselines select trajectories for fine-tuning
from the same Gemini 2.5 Flash-generated corpus
as our method (Section 4.1), ensuring a strong and
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consistent point of comparison. Detailed statistics
of the behavior frequency, accuracy, and average
number of steps of each dataset are reported in
Table 7.
Prior Works To evaluate our entire training
framework (e.g., agent framework, datasets, RL al-
gorithm), we compare against prior agentic search
systems trained with RL, including Search-R1 (Jin
et al., 2025b), R1-searcher (Song et al., 2025), and
Deepresearcher (Zheng et al., 2025). We directly
adopt the evaluation results reported in (Zheng
et al., 2025).

5.2 Disentangling Reasoning Behaviors from
Outcome Correctness

To disentangle the influence of reasoning pro-
cesses from final outcomes, and to assess the
synergy between high-quality reasoning and out-
come correctness, we evaluate two variants of our
method: Behavior Prime (Incorrect), which fine-
tunes models on trajectories exhibiting all four
reasoning behaviors but resulting in incorrect out-
comes; and Behavior Prime (Correct), which fine-
tunes models on trajectories exhibiting all four be-
haviors and resulting in correct outcomes. Both
methods apply standard RL after the SFT stage.

5.3 Impact of SFT Data Size

We investigated how the scale of the SFT data
affects the efficacy of Behavior Priming. We
fine-tuned Qwen3-1.7B on subsets of our Behav-
ior Prime dataset on the web task with varying
sizes: 5k, 10k, and the full 20k samples. We then
compared their performance against the Direct RL
baseline (denoted as 0k).

5.4 Contrasting Single-Behavior Priming
with Composite-Behavior Priming

We also investigated whether the composite set of
four behaviors was truly necessary, or if the benefit
could be achieved by priming with a single behav-
ior. We identified Information Verification (IV) as
the most common behavior in our trajectory cor-
pus and selected it for this contrastive study. We
used two SFT datasets on the web task of equal
size (10k samples each): 1) Behavior Prime (IV-
Only)-10k: Trajectories selected only for exhibit-
ing Information Verification. 2) Behavior Prime-
10k: The 10k subset dataset in Section 5.3 that con-
tains all four behaviors. We then applied standard
RL on both SFT checkpoints.

6 Results

6.1 Main Results
In this section, we present our main experimental
results, demonstrating that Behavior Priming con-
sistently leads to the best performance, and its ef-
fect holds even when priming trajectories yield in-
correct outcomes. These results provide strong ev-
idence that the identified reasoning behaviors are
able to enable strong agentic search performance.

Behavior Priming Effectively Increases Head-
room for RL As shown in Table 2 and Ta-
ble 3, Behavior Priming consistently achieves sub-
stantially higher performance than Direct RL. In
particular, the overall scores on both Llama-3.2-
Instruct and Qwen3-1.7B exceed those of Direct
RL by over 37% on web benchmarks and 6.2% on
multi-hop QA benchmarks.

Moreover, Behavior Priming consistently out-
performs both Distillation and Outcome-driven
SFT-then-RL baselines. These results demon-
strate that Behavior Priming establishes a ro-
bust foundation through behavior-centric SFT, en-
abling more effective improvement during subse-
quent RL training.

In addition, comparisons with prior agentic
search systems show that our training framework
achieves competitive overall performance, indicat-
ing it provides a solid and reliable foundation for
agentic search training.

Reasoning Behavior is More Important than
Outcome Correctness As shown in Table 2,
while Outcome-driven achieves the strongest per-
formance after SFT, this advantage does not lead
to the best performance after RL. During the subse-
quent RL training, it is surpassed by our Behavior
Prime method. This demonstrated that although
training with answer-correct trajectories provides
a powerful boost after SFT, cultivating reasoning
behaviors is the key to enabling effective explo-
ration and achieving superior performance during
the subsequent RL phase.

Notably, as shown in Table 4, our reasoning be-
havior and outcome correctness disentanglement
study demonstrates that, although the Behavior
Prime (Incorrect) variant achieved suboptimal per-
formance after SFT, it ultimately achieved compa-
rable performance with the Behavior Prime (Cor-
rect) variant after RL. This confirms that the gains
from behavior priming are driven by the reasoning
patterns, independent of outcome correctness.
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Table 2: Performance on web agent benchmarks before and after RL. The overall score is calculated as the average
of seven benchmarks. The scores in the Before RL section are performance right after the SFT stage, and the final
performance scores are under in After RL section.

GAIA WebWalkerQA HLE Overall
Method Base Model Level 1 Level 2 Level 3 Avg.
Before RL (After SFT)
Direct RL (No SFT) Qwen3-1.7B 7.7 1.9 0.0 3.9 15.3 4.0 7.7
Distillation Qwen3-1.7B 12.8 7.7 0.0 8.7 23.5 5.4 12.5
Outcome-driven Qwen3-1.7B 10.3 9.6 0.0 8.7 24.3 4.8 12.6
Behavior Prime Qwen3-1.7B 12.8 7.7 0.0 8.7 22.0 4.6 11.8
After RL
Direct RL Qwen3-1.7B 15.4 11.5 0.0 11.7 26.1 3.9 13.9
Distillation Qwen3-1.7B 18.0 11.5 16.7 14.6 33.2 7.4 18.4
Outcome-driven Qwen3-1.7B 23.1 17.3 0.0 17.5 36.8 5.8 20.0
Behavior Prime Qwen3-1.7B 28.2 21.2 0.0 21.4 37.2 7.8 22.3
Direct RL Llama3.2-3B-Instruct 12.8 11.5 8.3 11.7 24.7 7.0 14.5
Outcome-driven Llama3.2-3B-Instruct 15.4 11.5 16.7 13.6 28.8 9.8 13.3
Distillation Llama3.2-3B-Instruct 15.4 21.5 16.7 18.4 26.5 6.6 17.2
Behavior Prime Llama3.2-3B-Instruct 25.6 13.4 16.7 18.4 33.8 7.5 19.9

Table 3: Performance on multi-hop QA benchmarks. The overall score is the average score of seven benchmarks.

Method Base Model 2wiki Bamboogle Hotpotqa Musique NQ PopQA TriviaQA Overall
Prior work baselines
Search-R1-base Qwen2.5-7B-Base 47.9 57.6 63.0 27.5 60.0 47.0 76.2 54.2
Search-R1-instruct Qwen2.5-7B-Instruct 48.8 47.2 52.5 28.3 49.6 44.5 49.2 45.7
R1-Searcher Qwen2.5-7B-Base 65.8 65.6 53.1 25.6 52.3 43.4 79.1 55.7
DeepResearcher Qwen2.5-7B-Instruct 66.6 72.8 64.3 29.3 61.9 52.7 85.0 61.8
Our Work
Direct RL Qwen3-1.7B 66.8 64.0 61.7 25.0 72.7 53.5 87.9 61.7
Distillation Qwen3-1.7B 65.6 74.4 64.8 26.9 74.0 56.1 85.7 63.9
Outcome-driven Qwen3-1.7B 70.3 68.8 65.0 29.7 72.7 54.7 86.3 63.9
Behavior Prime Qwen3-1.7B 73.8 70.4 67.0 30.7 73.6 56.6 86.9 65.5
Direct RL (No SFT) Llama3.2-3B-Instruct 74.0 72.0 65.8 31.5 74.8 56.4 90.4 66.4
Distillation Llama3.2-3B-Instruct 77.7 76.0 71.3 32.0 78.9 55.7 89.3 68.7
Outcome-driven Llama3.2-3B-Instruct 69.9 72.0 69.9 30.5 77.3 60.0 89.5 67.0
Behavior Prime Llama3.2-3B-Instruct 75.6 80.0 69.5 38.1 82.0 60.4 90.6 70.9

Table 4: Performance comparison between models behavior-primed on correct vs. incorrect trajectories before RL.

GAIA WebWalkerQA HLE Overall
Method Base Model Level 1 Level 2 Level 3 Avg.
Before RL (After SFT)
Behavior Prime (Incorrect) Qwen3-1.7B 7.7 11.5 0.0 8.7 15.3 3.5 9.3
Behavior Prime (Correct) Qwen3-1.7B 10.3 9.6 0.0 8.7 19.1 6.2 11.3
After RL
Behavior Prime (Incorrect) Qwen3-1.7B 30.8 26.9 8.3 27.2 35.5 7.8 23.5
Behavior Prime (Correct) Qwen3-1.7B 30.8 23.1 16.7 25.2 37.8 7.8 23.6

Scaling SFT Data Enhances Behavior Priming
Figure 3 shows that increasing the SFT dataset size
improves RL performance, indicating that the ben-
efits of our method scale with data size. However,
WebWalkerQA performance plateaus beyond 5k
samples. We hypothesize that this is because the
SFT stage primarily builds a behavioral founda-
tion for RL, and once the behaviors are learned,
further priming yields diminishing returns.

Figure 3: Qwen3-1.7B’s performance when behavior
primed with different SFT data sizes.
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Table 5: Performance after RL on web agent benchmarks for priming with single behavior and all behaviors. The
Behavior Prime (IV-Only)-10k is primed on the Information Verification behavior only with 10k data samples.

Method Base Model GAIA WebWalkerQA HLE Overall
Direct RL Qwen3-1.7B 11.7 26.1 3.9 13.9
Behavior Prime (IV-Only)-10k Qwen3-1.7B 14.7 30.7 6.8 17.4
Behavior Prime-10k Qwen3-1.7B 15.5 36.5 7.2 19.7

Figure 4: Qwen3 1.7B + Distillation and Qwen3 1.7B + Behavior Prime’s behavior frequencies, pass@8 accuracy,
and trajectories statistics (average step number and search action number per trajectory) on the WebWalkerQA
benchmark during the SFT process.

Figure 5: The entropy, validation accuracy, and valid action (percentage of correct-format actions) during RL of
Qwen3-1.7B with Behavior Prime and Direct RL.

Full Behavior Set Leads to Greater Perfor-
mance Gains Results in Table 5 show that while
priming with only the most frequent behavior
(Behavior Prime (IV-Only)-10k) enhances perfor-
mance compared to the direct RL baseline, it is
consistently outperformed by priming with all four
behaviors (Behavior Prime-10k). This confirms
that the superior performance of our method is un-
locked by instilling the complete, synergistic set
of all behaviors, which are critical for building a
robust foundation for RL.

6.2 Analysis with Training Dynamics

To better understand our method, we examine how
reasoning behavior frequencies, exploration abil-
ities, trajectory length, and model performance
evolve over the SFT and the RL phase.

Behavior Priming Encourages Exploration
We track model evolution during SFT by monitor-
ing behavior frequencies, Pass@8, and trajectory
statistics. As shown in Figure 4, although both Dis-
tillation and Behavior Prime improve Pass@8 and
trajectory step number alongside rising behavior
frequencies, the gains are substantially larger for
Behavior Priming. This indicates that explicitly
priming reasoning behaviors enables the model to
explore more diverse paths and allocate greater
test-time compute through more search actions.

Sustained Exploration Translates to a Higher
RL Ceiling We then analyzed the training dy-
namics during RL, monitoring the policy entropy
and validation performance. Figure 5 shows that
the behavior-primed model starts with higher en-
tropy and is less prone to collapse. In contrast,
the non-behavior-primed model (Direct RL)’s en-

28087



Table 6: Qwen3-1.7B’s behavior frequency (averages across three benchmarks) and benchmark performance with
standard Direct RL and behavior-guided RL (with additional process reward encourages four reasoning behaviors).

Behavior Frequency Benchmark Performance
Model Information Authority Adaptive Error WebWalkerQA GAIA HLE

Verification Evaluation Search Recovery

Qwen3-1.7B 28.3 18.1 18.2 39.7 15.3 3.9 4.0

Qwen3-1.7B + RL 25.2 (-3.1) 9.8 (-8.3) 21.5 (+3.3) 11.2 (-28.5) 26.1 (+10.8) 16.3 (+12.4) 3.9 (-0.1)
Qwen3-1.7B + behavior guided RL 67.3 (+39.0) 50.8 (+32.7) 82.8 (+64.6) 86.5 (+46.8) 15.4 (+0.1) 7.8 (+3.9) 4.4 (+0.4)

tropy collapses rapidly. This indicates that be-
havior priming endows the model with richer ex-
ploration, allowing it to seek diverse strategies
rather than prematurely converging to a subopti-
mal policy. This sustained exploration directly
translates into performance gains, as shown in Fig-
ure 5: while the base model quickly reaches a
low plateau, the behavior-primed model converges
more slowly to a higher performance ceiling.

Another finding is that while the non-behavior-
primed model (Direct RL) starts with a lower valid
action ratio (the percentage of steps with correct
action format) compared to the behavior-primed
model, it successfully masters the required output
format within 20 steps and maintains a high valid
action ratio thereafter. Conversely, the behavior-
primed model even exhibits a less stable valid ac-
tion ratio during RL. This indicates that the im-
provements from Behavior Priming arise from en-
hanced reasoning behaviors rather than mere fa-
miliarity with tool-use syntax.

7 Discussion: Is Process Rewards an
Alternative for Behavior Guidance?

We also explore alternative ways to use these ben-
eficial behaviors to improve model performance.
Curious about whether the model could sponta-
neously develop these reasoning behaviors during
RL, we measured the change in behavior frequen-
cies for a non-behavior-primed model after Di-
rect RL. Results in Table 6 show that most of the
frequencies even dropped after RL. Considering
that our behavior frequency evaluation is based
on process-level, we investigate whether we could
guide the emergence of these behaviors with an
additional process reward. Specifically, we com-
bined the standard outcome-based reward with a
process-based reward that encourages the exhibi-
tion of reasoning behaviors. We measure the num-
ber of different behaviors in a trajectory N , and
define the final reward as R = Routcome +0.1×N .

As shown in Table 6, this approach success-

fully increases the behavior frequency, but leads to
worse performance compared to standard RL. This
result aligns with previous work on math and code
reasoning (DeepSeek-AI et al., 2025), suggesting
that the model learns to "reward hack": it mimics
the surface-level patterns of the behaviors to maxi-
mize the reward but fails to grasp their essence for
problem-solving. This finding reveals that our Be-
havior Priming method is a more effective way to
improve model performance.

8 Conclusion

We identify four beneficial reasoning behaviors
for agentic search and propose Behavior Priming,
a method that cultivates these behaviors through
SFT to enable more effective RL. Experiments
across multiple models and ten benchmarks show
that Behavior Priming achieves the strongest per-
formance compared to other SFT-then-RL base-
lines, and that cultivating reasoning behaviors is
more important than teaching correct answers in
preparing models for RL. Further analysis reveals
that Behavior Priming establishes a robust foun-
dation for RL by enabling richer exploration, as
reflected by higher Pass@8 and more search steps
that support test-time scaling. Together, these find-
ings highlight a promising direction for targeted
post-training strategies that enhance reasoning be-
haviors and improve the effectiveness of RL in
training capable agentic models.

9 Limitation

Model Scale Our experiments focus on rela-
tively small models (1.7B and 3B parameters) due
to computational constraints. While this allows
for controlled experimentation and demonstrates
proof-of-concept, the extent to which our findings
scale to larger models (7B+ parameters) remains
an open question. Nevertheless, since the pro-
posed method targets general reasoning behaviors
rather than model-specific heuristics, we expect it
to remain applicable as model capacity increases.
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RL Training Scale and Hyperparameters :
Due to computational resource constraints, our re-
inforcement learning phase was conducted for 300
steps with a group size of 8 using the GRPO al-
gorithm. It is possible that further scaling of the
training steps or larger group sizes could reveal
pronounced performance gains, though current re-
sults already provide compelling evidence of our
method’s efficacy.

10 Ethical considerations

Agentic search models are dependent on the under-
lying search systems, so systemic biases or misin-
formation present in indexed web content may still
be synthesized into final answers. Besides, the
increased efficiency in agentic information seek-
ing could potentially be misused for the discov-
ery of sensitive information. We use only estab-
lished public datasets and benchmarks, which are
curated for research purposes and align with com-
mon safety and privacy standards.

We utilize three primary external artifacts in
our study: the AFM-WebAgent-SFT-Dataset1, the
AFM-MHQA-Agent-SFT-Dataset2, and the RL
dataset derived from DeepResearcher3. All arti-
facts are released under the Apache License 2.0,
which permits use, modification, and distribution
for research purposes. Our use of these datasets–
specifically for generating our SFT dataset and
for RL training–is strictly consistent with their in-
tended use of advancing research in agentic rea-
soning and search capabilities.
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A Detailed Experiments Setup

Benchmarks For web benchmarks, we use
WebWalkerQA (Wu et al., 2025b), GAIA (Mi-
alon et al., 2023)(following (Li et al., 2025c;
Wu et al., 2025a; Li et al., 2025b) to use
the 103 text-based examples), and Humanity’s
Exam (HLE) (Phan et al., 2025). For multi-
hop QA benchmarks, we use NQ (Kwiatkowski
et al., 2019), TQ (Joshi et al., 2017), Hot-
potQA (Yang et al., 2018), 2Wiki (Ho et al.,
2020), MuSiQue (Trivedi et al., 2022), Bam-
boogle (Press et al., 2023), and PopQA (Mallen
et al., 2023). We followed (Zheng et al., 2025)
to use 512 examples from the development sets
of NQ, TQ, HotpotQA, 2Wiki, MuSiQue, and
PopQA and all 125 samples from Bamboogle.

Evaluation The max step number for the trajec-
tory is 25 for web benchmarks and 15 for multi-
hop QA benchmarks. The temperature is 0.0 for
the main evaluation, and 1.0 for the pass@k eval-
uation. We use GPT-4o-mini to score the final an-
swers. Prompts are provided in Appendix B.4.

Training Details We adopt Qwen3-1.7B (Yang
et al., 2025) and Llama3.2-3B-Instruct (Meta,
2024) as base models. For SFT, each model was
fine-tuned for 3 epochs with a batch size of 8. The
RL training was conducted on the verl-agent (Feng
et al., 2025) framework for 300 steps, with a batch
size of 32 and a GRPO group size of 8. All
RL experiments were performed on 8 NVIDIA
H100 GPUs, with each training run taking approx-
imately 20 hours to complete.

B Prompts

B.1 Prompt For Agent Framework

We support the integration of both models with in-
ternal thinking(like Gemini 2.5 series, Qwen3 se-
ries, DeepSeek R1) and models without internal
thinking. For models without internal thinking, we
explicitly prompt them first to generate a thinking
process and then the action. The prompts for both
models as shown below:

Agent Framework Prompt for Models with
Internal Thinking

Your are a research assistant with the
ability to perform web searches to answer
questions. You can answer a question with
many turns of search and reasoning.

Based on the history information, you need
to suggest the next action to complete the
task.
You will be provided with:
1. Your history search attempts: query in
format <search> query </search> and the
returned search results in <information>
and </information>.
2. The question to answer.

IMPORTANT: You must strictly adhere to the
following rules:
1. Choose ONLY ONE action from the list
below for each response, DO NOT perform
more than one action per step.
2. Follow the exact syntax format for the
selected action, DO NOT create or use any
actions other than those listed.
3. **Don't do duplicate search.** Pay
attention to the history search results.

Valid actions:
1. <search> query </search>: search the
web for information if you consider you
lack some knowledge.
2. <answer> answer </answer>: output the
final answer if you consider you are able
to answer the question. The answer should
be short and concise. No justification is
needed.
3. <summary> important parts of the
history turns </summary>: summarize the
history turns. Reflect the search queries
and search results in you history turns,
and keep the information you consider
important for answering the question and
generating your report. Still keep the tag
structure, keep search queries between
<search> and </search>, and keep search
results between <information> and
</information>. The history turn
information for your subsequent turns will
be updated accoring to this summary
action.

Format:
You should pay attention to the format of
your output. You can choose **ONLY ONE**
of the following actions:

- If You want to search, You should
put the query between <search> and
</search>.
- If You want to summarize the history
turns, You should put the summary
between <summary> and </summary>.
- If You want to give the final
answer, You should put the answer
between <answer> and </answer>.
You can only use ONE action per
response.

Note: text between
<information></information> is the search
results from search engine after you
perform a search action, **DO NOT**
include any information in
<information></information> in your
output.
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Question: {question}

History Turns: (empty if this is the first
turn)

Agent Framework Prompt for Models with-
out Internal Thinking

Your are a research assistant with the
ability to perform web searches to answer
questions. You can answer a question with
many turns of search and reasoning.

Based on the history information, you need
to suggest the next action to complete the
task.
You will be provided with:
1. Your history search attempts: query in
format <search> query </search> and the
returned search results in <information>
and </information>.
2. The question to answer.

IMPORTANT: You must strictly adhere to the
following rules:
1. Choose ONLY ONE action from the list
below for each response, DO NOT perform
more than one action per step.
2. Follow the exact syntax format for the
selected action, DO NOT create or use any
actions other than those listed.
3. **Don't do duplicate search.** Pay
attention to the history search results.

Valid actions:
1. <search> query </search>: search the
web for information if you consider you
lack some knowledge.
2. <answer> answer </answer>: output the
final answer if you consider you are able
to answer the question. The answer should
be short and concise. No justification is
needed.
3. <summary> important parts of the
history turns </summary>: summarize the
history turns. Reflect the search queries
and search results in you history turns,
and keep the information you consider
important for answering the question and
generating your report. Still keep the tag
structure, keep search queries between
<search> and </search>, and keep search
results between <information> and
</information>. The history turn
information for your subsequent turns will
be updated accoring to this summary
action.

Format:
You should pay attention to the format of
your output. You can choose **ONLY ONE**
of the following actions:

- If You want to search, You should
put the query between <search> and
</search>.

- If You want to summarize the history
turns, You should put the summary
between <summary> and </summary>.
- If You want to give the final
answer, You should put the answer
between <answer> and </answer>.
You can only use ONE action per
response.

Format:
<think> thinking process </think>
[your action output]

Example:
<think> I need to answer the question, so
I need to... </think>
<search> query </search>

Note: text between
<information></information> is the search
results from search engine after you
perform a search action, **DO NOT**
include any information in
<information></information> in your search
action.

Question: {question}

Question: {question}

History Turns: (empty if this is the first
turn)

B.2 Prompt For Behavior Identification

Prompt for Trajectory Analysis

[Instruction]
You are tasked with analyzing multi-step
trajectories of a search agent's two
attempts for answering the same question
using search tools. One of the attempts
correctly answers the question, and
another attempt does not. Based on the
content, please provide a detailed
explanation of why one attempt succeeds
and the other fails.
There are two parts in each step of the
trajectory:
1. Agent output: The agent's output in
this step, consists of it's thinking
process and the final action.
2. Environment feedback: The feedback from
the environment, including the search
results wrapped in <information> and
</information> tags when the agent
performs a search action in this step.

The agent could perform one of the
following actions in each step:
1. <search> query </search>: search the
web for information
2. <answer> answer </answer>: output the
final answer
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3. <summary> important parts of the
history turns </summary>: summarize the
history turns to keep valuable information
for solving the question.

Please analyze the agent's behavior in
each step and provide a detailed
explanation of why one attempt succeeds
and the other fails.

[Question]
{question}

[Trajectory 1]
{trajectory_1}

[Evaluation Results 1]
{evaluation_results_1}

[Trajectory 2]
{trajectory_2}

[Evaluation Results 2]
{evaluation_results_2}

[Your Explanation]

Prompt for Key Reasoning Behavior Ex-
traction

You are an expert in analyzing the
behavior of a search agent. You will be
provided with an explanation about a
search agent's two attempts to answer the
same question using search tools. The
first attempt correctly answers the
question, while the second attempt fails.

Based on the explanation of why trajectory
1 succeeds while trajectory 2 fails,
extract the key reasoning behaviors
statements implied by the explanation that
lead to the success of trajectory 1. These
should be clear, objective, and
unambiguously verifiable.

Return the list as a JSON array of
strings. Do not include markdown code
fences. If there are no rule-like
statements, return an empty JSON array.

[Reasoning]
{reasoning_text}

Prompt for Behavior Summarization

You are an expert in analyzing the
behavior of a search agent. You are
provided with a set of behaviors
describing the the reasoning process and
actions of the agent.

Below is a list of behaviors regarding the
behavior of the search agent. Some
behaviors may be duplicates or express
very similar meanings. Please merge them
by removing duplicates and consolidating
similar behaviors, while keeping only the
most essential information. When merging,
discard narrow or overly specific
restrictions, and retain only general
behaviors that are broadly applicable.

The final rules should be clear,
objective, and unambiguous, so they can be
reliably used to evaluate the agent's
reasoning and interaction trajectory.

Return the merged list as a JSON array of
strings. Do not include markdown code
fences.

[Behaviors]
{behaviors_text}

B.3 Prompt For Behavior Frequency
Evaluation

Prompt For Behavior Frequency Evalua-
tion

[Instruction]
You are tasked with analyzing a multi-step
trajectory of a search agent's attempt for
answering a question using search tools.

The agent can perform one of the following
actions in each step:
1. <search> query </search>: search the
web for information
2. <answer> answer </answer>: output the
final answer
3. <summary> important parts of the
history turns </summary>: summarize the
history turns to keep valuable information
for solving the question.

There are two parts in each step of the
trajectory:
1. Agent output: The agent's output in
this step, consists of it's thinking
process and the final action.
2. Environment feedback: The feedback from
the environment, including the search
results wrapped in <information> and
</information> tags when the agent
performs a search action in this step.

Please act as an judge to evaluate whether
the agent's thinking process and actions
in this trajectory demonstrated any of
following behaviors:

**behavior1: Information Verification**
The agent validates information across
multiple reliable sources to ensure its
conclusions are well-founded.
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* **Cross-Referencing:** Actively seeking
out and comparing multiple sources to
confirm critical facts, or performing
additional searches to verify the
information.
* **Citing Evidence:** Explicitly basing
its reasoning and conclusions on the
information found, rather than making
unsupported claims.

**behavior2: Authority Evaluation**
The agent assesses the reliability of its
sources and resolves conflicting
information.
* **Detecting Conflicts:** Identifying
when different sources provide conflicting
information and attempting to resolve the
discrepancy.
* **Prioritizing Authority:** Giving more
weight to official documentation, academic
papers, and reputable news outlets over
forums, blogs, or less reliable sources.

**behavior3: Adaptive Search**
The agent intelligently modifies its
search strategy based on the information
and challenges encountered in previous
steps.
* **Narrowing Focus:** Using initial broad
search results to identify more specific
and effective keywords for subsequent
searches.
* **Broadening Scope:** Widening the
search terms or approach when initial
queries are too narrow and yield no useful
results.

**behavior4: Error Recovery**
The agent recognizes previous errors and
takes actions to correct its course.
* **Acknowledging Failure:** Explicitly
noting when a search query or an entire
strategy is not yielding useful
information, or some mistakes are made.
* **Strategic Pivoting:** Decisively
abandoning a failed approach and
formulating a new plan to achieve the
user's goal, or taking actions to correct
the mistakes.

Be as objective as possible when
evaluating the behaviors and do not
evaluate other characteristics of the
response. If the behavior is not
applicable for this task, treat it as if
the behavior is not demonstrated.

You must provide your answer with the
following json format without markdown
code fences:

{
"behavior1": "<'Yes' or 'No'>",
"behavior2": "<'Yes' or 'No'>",
"behavior3": "<'Yes' or 'No'>",
"behavior4": "<'Yes' or 'No'>",
...

}

[Question]
{question}

[Trajectory]
{trajectory}

[Your Answer]

B.4 Prompt for Evaluation

Prompt For LLM-Judge Evaluation on
Web Tasks

Please determine if the predicted answer
is SEMANTICALLY equivalent to the labeled
answer.
Question: {question}
Labeled Answer: {gt_answer}
Predicted Answer: {pred_answer}

{
"rationale": "your rationale for the
judgement, as a text",
"judgement": "your judgement result, can
only be 'correct' or 'incorrect'"
}

Prompt For LLM-Judge Evaluation on
Multi-hop QA Tasks

You will be given a question and its
ground truth answer list where each item
can be a ground truth answer. Provided a
pred_answer, you need to judge if the
pred_answer correctly answers the question
based on the ground truth answer list.
You should first give your rationale for
the judgement, and then give your
judgement result (i.e., correct or
incorrect).

Here is the criteria for the judgement:
1. The pred_answer doesn't need to be
exactly the same as any of the ground
truth answers, but should be semantically
same for the question.
2. Each item in the ground truth answer
list can be viewed as a ground truth
answer for the question, and the
pred_answer should be semantically same to
at least one of them.

question: {question}
ground truth answers: {gt_answer}
pred_answer: {pred_answer}

The output should in the following json
format:
{
"rationale": "your rationale for the
judgement, as a text",
"judgement": "your judgement result, can
only be 'correct' or 'incorrect'
}
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C Case Study

Here is a case study for how the behavior-primed
model (Qwen3 1.7B + Behavior Prime) success-
fully solves a question, but the non behavior-
primed model fails (Qwen3 1.7B + Direct RL).
The question is from the GAIA dataset. The tra-
jectory for both models is provided below.

Question “What was the actual enrollment
count of the clinical trial on H. pylori in acne vul-
garis patients from Jan–May 2018 as listed on the
NIH website?”

C.1 Successful Trajectory

Qwen3 1.7B + Behavior Prime

Step 1:
<think>

Okay, so the user's looking for the
enrollment count of a specific clinical
trial on
H. pylori and acne vulgaris, but they're
zeroing in on the period from January to
May of 2018,
and they're specifically mentioning the
NIH website. ...

[Behavior 1: Information
Verification]
My task is clear: verify if
the quoted text exactly matches
Greetham’s article. Accuracy is
paramount; I’ll use ’uncoupled’,
’authors’, ’mis-transmission’, and
’veil’ to zero in on the relevant
section.
</think>

<search>

clinical trial H. pylori acne vulgaris
enrollment Jan-May 2018 NIH website

<search>

<information> retrieved documents
</information>

Step 2:
<think>

I've got a few hits, though. Result #2 ...
looks promising because it's linked to
ClinicalTrials.gov,
which is where I'd expect to find this
kind of information. ...

[Behavior 2: Authority Evaluation]
Im aiming for the USGSs own

reports or databases, like the
Nonindigenous Aquatic Species page,
to get the most reliable data.
</think>
<search>

NCT03411733 enrollment count Jan-May 2018
NIH

</search>

<information> retrieved documents
</information>

Step 3:
<think>

The problem is that the search engine is
not returning the number directly.
It's likely that the information is not
readily available in the snippets.
So, I need to try to get to the page for
NCT03411733 ...

[Behavior 3: Adaptive Search]
The search engine may not have
indexed the quote perfectly, or the
users quote may differ slightly.
Ill refine my strategy.
</think>
<search>

NCT03411733 trial start date and
recruitment numbers Jan-May 2018 NIH

</search>

<information> retrieved documents
</information>

Step 4:
<think>

The last query didnt bring me directly to
the ClinicalTrials.gov record.
I need to correct my approach and focus on
the trial ID itself.

[Behavior 4: Error Recovery]
My initial search didnt deliver the
goods... I need to get more precise.
</think>
<search>
NCT03411733 actual enrollment count
Jan-May 2018 NIH
</search>

<information> retrieved documents
</information>

Step 5:

<think>
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...

</think>
<answer>

The actual enrollment count is 90
patients.

</answer>
Result: Correct.

C.2 Unsuccessful Trajectory

Qwen3 1.7B + Direct RL

Turn 1
<think>

Okay, let's tackle this question. The user
is asking for the actual enrollment count
of a clinical trial on
H. pylori in acne vulgaris patients from
January to May 2018, specifically as
listed on the NIH website.

Since the history is empty, I should start
by searching for the clinical trial.
The valid action here is to perform a
search.
The query would be something like "H.
pylori clinical trial acne vulgaris
enrollment Jan-May 2018 NIH".

I'll use the <search> action with that
query. The search results might show the
trial's details, including the enrollment
numbers.
I need to make sure the NIH website has
this information.

</think>
<search>

H. pylori clinical trial acne vulgaris
enrollment Jan-May 2018 NIH

</search>

<information> ... Found NCT03411733 and
related links ... </information>

No attempt to cross-check, only one
generic search.
Turn 2
<think>

[No reasoning; model attempts an invalid
summary action.]

</think>
<summary>

<search> H. pylori clinical trial acne
vulgaris enrollment Jan-May 2018 NIH
</search>
<information>[All 10 results copied
verbatim]</information>

</summary>
Model generated an invalid action
format. Instead of correcting, it
collapsed history incorrectly.
Turn 3
<think>

[No new reasoning. Model repeats identical
search query from Turn 1.]

</think>
<search>

H. pylori clinical trial acne vulgaris
enrollment Jan-May 2018 NIH

</search>

<information> ... Same results again ...
</information>

Query was repeated with no
refinement.
Turn 4
<think>

Prematurely concludes the answer without
verifying enrollment numbers.

</think>
<answer>

The NIH clinical trial on H. pylori and
acne vulgaris from January to May 2018
(NCT03411733)
had an enrollment count of 100
participants.

</answer>
Result: Incorrect. Extracted "100"
without checking against the authorita-
tive NIH record. NIH/ClinicalTrials.gov
was named, but not validated.

D Use of AI Assistants

We used AI tools in paper writing for language
refinement to improve grammatical accuracy and
phrasing. All core methodologies, experimental
designs, and data interpretations were developed
solely by the human authors.
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Table 7: Behavior frequencies, outcome accuracy, and trajectory statistics for the SFT datasets on both tasks. The
number of steps is the number of data samples used for training (#Steps = #Traj. * Avg. Steps).

Web Agent Task Info. Verif. Auth. Eval. Adapt. Search Error Rec. Accuracy Avg. Steps #Traj. #Steps

Distillation 71.7 42.2 52.3 36.2 40.0% 4.6 4.3k 20k
Outcome-driven 85.7 52.2 53.2 28.0 100.0% 3.9 5.1k 20k
Behavior Prime 100.0 100.0 100.0 100.0 49.8% 6.8 2.9k 20k
Behavior Prime (Incorrect) 100.0 100.0 100.0 100.0 0.0% 7.6 2.6k 20k
Behavior Prime (Correct) 100.0 100.0 100.0 100.0 100.0% 5.9 3.4k 20k

Multi-hop QA Task

Distillation 93.0 29.8 25.6 4.3 58.1% 2.5 4.1k 10k
Outcome-driven 94.9 25.8 25.3 2.6 100.0% 2.5 4.1k 10k
Behavior Prime 100.0 100.0 100.0 100.0 61.8% 4.6 2.2k 10k
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