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ABSTRACT

Agentic search leverages large language models (LLMs) to interpret complex user information needs
and execute a multi-step process of planning queries, executing searches, and adapting its strategy
based on retrieved documents. This introduces unique challenges for LLMs’ reasoning and agen-
tic capabilities in interacting with retrieval systems and the broader web. In this paper, we design
a reasoning-driven LLM-based pipeline to study effective behaviors in agentic search. Using this
pipeline, we analyze successful agentic search trajectories and extract four beneficial reasoning be-
haviors: Information Verification, Authority Evaluation, Adaptive Search, and Error Recovery. We
then propose a new behavior priming technique to train more effective agentic search models. It
synthesizes agentic search trajectories with target behaviors and integrates them into the agentic
search model through supervised finetuning (SFT), followed by standard reinforcement learning
(RL). Experiments on three benchmarks—GAIA, WebWalker, and HLE—demonstrate that behav-
ior priming significantly improves agentic search accuracy, yielding over 35% gains in Llama3.2-3B
and Qwen3-1.7B after RL. Ablation studies further show that priming effective behaviors is more
beneficial than emphasizing result correctness: finetuning on trajectories with desirable reasoning
behaviors but incorrect results outperforms training on trajectories with correct answers. Additional
analysis reveals that reasoning patterns introduced by behavior priming provide a strong founda-
tion for RL, enabling more effective exploration (higher pass@k and entropy) and test-time scaling
(longer trajectories). Our code and models will be released as open source.

1 INTRODUCTION

Agentic search (Jin et al., 2025} |Zheng et al., 2025} |Li et al., [2025a; Moonshot Al 2025) represents a new search
paradigm in which search systems leverage large language models (LLMs) to perform multiple steps of agentic ac-
tions for complex user information needs. This includes decomposing tasks into sub-queries, planning search strate-
gies, invoking search tools, analyzing results, and adapting strategies based on search results. Commercial systems
implementing such techniques, such as ChatGPT’s Deep Research and Google’s AI Mode, have significantly enhanced
user experiences and rapidly gained adoption (Zhou & Li,|[2024; |Business Insider, 2025} |Vergel 2025).

The core enabler of agentic search is the reasoning and agentic capacity of LLMs, developed through large-scale
post-training on single-step reasoning-oriented tasks such as mathematics, general problem-solving, and program-
ming (DeepSeek-Al et al.,[2025). The reasoning abilities demonstrated by frontier models are often tailored to their re-
inforcement learning(RL) scenarios—for instance, verification, subgoal setting, backtracking, and backward chaining
for math |Gandhi et al.| (2025). However, their effectiveness in addressing challenges unique to agentic search—such
as handling noisy results or adapting strategies based on incomplete information—remains uncertain.

In this paper, we first design an automatic LLM-based pipeline to study effective reasoning behaviors in agentic
search. We collect the agentic search trajectories from multiple LLMs, and employ a reasoning LLM to analyze them,
extracting behaviors that distinguish effective trajectories from ineffective ones. Through this process, we identify four
reasoning behaviors critical for agentic search: Information Verification (validating results across sources), Author-
ity Evaluation (assessing reliability and resolving conflicts), Adaptive Search (modifying strategies dynamically),
and Error Recovery (detecting and correcting mistakes). The first two behaviors support reliable retrieval, while the
latter two enable robust multi-step planning. Their presence strongly correlates with LLMs’ performance in agentic
search tasks.

Building on these findings, we propose Behavior Priming, a technique that systematically instills these beneficial
reasoning behaviors into agentic search models. The approach first curates a collection of trajectories that demonstrate
the target behaviors by synthesizing and selecting from a large corpus of trajectories generated by LLMs. These
curated trajectories serve as supervision data for fine-tuning models, explicitly injecting reasoning behaviors. This
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behavior-prime phase provides the LLMs a solid foundation, enabling more effective exploration in the subsequent
reinforcement learning phase. After this, we investigated the impact of these behaviors on RL by training models with
and without behavior priming using a standard reinforcement learning setup.

Experiment results demonstrate that Behavior Priming leads to significantly greater performance gains for the fi-
nal agentic search model (trained with SFT and RL). For instance, it boosted the final average performance of both
Qwen3-1.7B and Llama-3.2-3B-Instruct by over 35% across three benchmarks (GAIA (Mialon et al 2023), Web-
WalkerQA (Wu et al., [2025c), and HLE (Phan et al., [2025a))) compared to applying direct RL on the non-primed
models. Furthermore, our experiments reveal that: 1) Selecting SFT trajectories based on the presence of behaviors
leads to better performance in RL than the standard approach of selecting based on final answer correctness. 2) Com-
pared to SFT on trajectories with correct final answers, SFT on trajectories exhibiting these behaviors but yielding
incorrect final answers results in suboptimal initial performance, but ultimately achieves higher performance after
RL. These findings strongly highlights the primacy of reasoning behavior over outcome correctness for unlocking a
model’s potential in RL.

Our analysis further clarifies the underlying mechanism for these improvements. During the Behavior Priming phase,
the frequency of all four behaviors in the model’s reasoning process increases significantly, accompanied by a notable
rise in both pass@k accuracy and the average number of steps per trajectory. This establishes a robust foundation
for exploration and effective test-time scaling for the subsequent RL training. During the RL phase, behavior-primed
models maintain a high level of policy entropy, whereas models without priming start with lower entropy that declines
steeply, leading to premature policy convergence. Moreover, these non-primed models fail to cultivate the essential
behaviors during RL endogenously.

In summary, our key contributions are as follows:

1. We identify four beneficial reasoning behaviors for agentic search by analyzing successful agentic trajectories
with an LLM-based pipeline.

2. We propose Behavior Priming, a method that instills these beneficial behaviors into models via SFT to prepare
them for subsequent RL training better.

3. We empirically demonstrate that Behavior Priming significantly unlocks a model’s potential in RL, enabling
higher final performance by establishing a robust foundation for exploration and test-time scaling capilities.

2 RELATED WORK

Agentic search is an emerging search paradigm where LLM-based systems autonomously and iteratively use web-
related tools to gather external information for solving complex, fact-seeking tasks Xu & Peng| (2025)); (OpenAl|(2024);
Anthropic| (2025). The development of agentic search systems can be broadly categorized into two approaches. The
first involves multi-agent collaboration systems |Alzubi et al.| (20235)); (GPTResearcher| (2025); [L1 et al.| (2025c¢)); Zhang
et al.| (2025) within a meticulously designed, pre-defined workflow. The second approach focuses on single-agent, end-
to-end systems [Zheng et al.| (2025); Jin et al.| (2025); Nguyen et al.| (2025) where a single underlying LLM iteratively
invokes web search-related tools based on the context of previous steps. Research on agentic search training has
predominantly concentrated on the latter one for its simplicity.

Influenced by the success of Reinforcement Learning in reasoning tasks like mathematics \DeepSeek-Al et al.| (2025));
Jaech et al.| (2024), many studies have adopted Reinforcement Learning with Verifiable Rewards (RLVR) for agentic
search training Jin et al.| (2025)); Zheng et al.| (2025)); [Li et al.| (2025a); Moonshot Al| (2025). However, due to the
scarcity of data that contains tool use and real-world interaction, the foundational capabilities of LLMs for agentic
tasks are relatively underdeveloped Tao et al.|(2025);|Li et al.[(2025b));|Shi et al.|(2025). Consequently, a common way
for training search agents with RLVR require a “’cold-start” instruction-tuning phase Tao et al.|(2025);[Li et al.| (2025a));
Jie Ouyang| (2025); Moonshot Al (20235) before applying RL to familiarize the model with the task. However, the
specific abilities instilled during this phase and their impact on the subsequent RL stage requires further investigation.

RLVR has emerged as a powerful paradigm for enhancing complex reasoning in language models, with the notable
breakthrough of Deepseek-R1 DeepSeek-Al et al|(2025) demonstrating its ability to yield significant improvements
and the emergence of in-context reasoning behaviors. However, the emergence of reasoning capabilities in the RL
process is not guaranteed |Yeo et al.[ (2025). Certain models, notably the Qwen 2.5 series |Yang et al.| (2025)), have
been widely demonstrated to achieve significant improvements with RL. In contrast, other models fail to show similar
improvement. Recent works [Yeo et al.| (2025); Wu et al.| (2025a)); [Liu et al.| (2025); [Setlur et al.| (2025)) have shown
that the base model’s ability to explore and extrapolate computation at test-time is pivotal for effective improvement
in RL training. Models that benefit significantly from RL usually already exhibit some key behaviors such as self-
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reflection and verification before the RL training Gandhi et al.|(2025); Liu et al.| (2025));|Yeo et al.|(2025)). Furthermore,
instilling these abilities through supervised-finetuning on models that initially lack them is effective in raising their
performance ceiling in RL |Yeo et al.| (2025); [Liu et al.| (2025); |Gandhi et al.| (2025). However, relevant research has
been predominantly concentrated on the mathematical domain. For broader applications, such as real-world agentic
tasks, the critical capabilities required for successful RL, and the methods to acquire them, remain open questions. In
this paper, we explore the nature of this capability gap by identifying the essential capabilities for agentic search and
exploring methods to obtain them.

3 IDENTIFYING BENEFICIAL BEHAVIORS IN AGENTIC SEARCH

To identify beneficial behaviors in agentic search, we first develop a standard agentic search framework to enable
our study across different LLMs, and then design an LLM-based analytical pipeline to systematically discover the key
reasoning patterns from agentic search trajectories. We also validate the importance of these behaviors by investigating
the correlation between their frequency in trajectories from various LLMs and the final task performance.

3.1 STANDARD AGENIC SEARCH FRAMEWORK

To facilitate our study across different LLMs, we simplified the agent framework in (Chandrahasan et al. 2025)) to
build a standard end-to-end agentic search framework that easily integrates various LLMs as the underlying model,
with prompts shown in Appendix [A.T] This standardized approach ensures our analysis focuses on the model’s core
capabilities rather than framework-specific artifacts. This framework operates in an iterative process: at step k, the
model receives an input x, which consists of the initial user query q and the accumulated history context ctxy. It then
produces an output y;, =< ti,ar >, where t; is the thinking process and ay, is the action. The entire interaction is
captured as a trajectory T = ((z1,y1), (T2, Y2)s - - -, (Tn, Yn))-

The model’s action ay, at each step is selected from a predefined set of three actions. Each action has a distinct effect
on the iterative process:

* search: The model queries an external search API and receives retrieved documents as an observation,
obsy,.

e summary: The model condenses the current context to manage context length. This summary will replace
the entire context for the next step.

* answer: The process terminates, and ay, is provided as the final answer.
The history context ctxy serves as the model’s memory, providing the necessary context from previous steps. After
step k, the history context is updated based on the action taken, preparing the model for the next step:

ctxy + yr + obsg, ifar = search
Ct:L'k_;,_l = .
ay, if axy, = summary

3.2 IDENTIFY BENEFICIAL REASONING BEHAVIORS FOR AGENTIC SEARCH

To identify beneficial reasoning behaviors, we leveraged our standardized agent framework to conduct a comparative
analysis of model trajectories. Specifically, we integrated a strong model (Gemini 2.5 Flash) and a weak model
(Qwen3-1.7B) into the framework, and tasked them with answering an identical set of questions. After evaluation,
we extract a set of questions where Gemini 2.5 Flash succeeded but Qwen3-1.7B failed. This approach allows for a
controlled comparison of the models’ reasoning behaviors when faced with the same problem and equipped with the
same tools, thereby isolating the key differences that lead to divergent outcomes.

Inspired by an automated rule generation method [Wang & Xiong| (2025), we developed an automatic LLM-based
pipeline to identify effective reasoning behaviors that lead to the successful completion of agentic tasks. Prompts can
be find in AppendixA.2] Our process involved three main steps. First, we prompted a reasoning LLM to analyze pairs
of successful and failed trajectories for individual questions. The LLM was provided with the initial question and both
complete trajectories, then instructed to determine why one attempt succeeded while the other failed. Second, we gath-
ered the LLM’s analyses for 200 randomly selected trajectory pairs and prompted it to summarize the key reasoning
behaviors observed in the successful trajectories. Finally, we tasked the LLM with consolidating and deduplicating
these summaries to produce the final set of common behaviors. We then manually reviewed these behaviors to confirm
that the identified behaviors were indeed recurring patterns across multiple tasks.
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Through this analysis pipeline, we identified four essential reasoning behaviors for agentic search. These can be di-
vided into two main categories: the first two focus on information retrieval. At the same time, the latter two are more
general strategies for the multi-step agentic planning ability. These behaviors are: Information Verification, which
involves validating search results across multiple sources, performing cross-referencing, and explicitly citing evidence
in the reasoning process; Authority Evaluation, the ability to identify conflicts among different search results and an-
alyze source credibility to prioritize the most authoritative information; Adaptive Search, the practice of dynamically
modifying search strategies based on previous outcomes; and Error Recovery, the capacity for recognizing and cor-
recting mistakes made in prior steps. The following box provides examples of these behaviors in Gemini-2.5-Flash’s
trajectories.

g N
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.”
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Figure 1: Comparison of different LLMs as the underlying model of our agent framework across four benchmarks. The
first three plots represent the frequency of behaviors, and the last plot indicates scores on benchmarks. Abbreviations:
1V = Information Verification, AE = Authority Evaluation, AS = Adaptive Search, ER = Error Recovery.

3.3 VALIDATING THE IMPORTANCE OF BENEFICIAL BEHAVIORS

We then developed an automatic framework to measure the frequency of these four behaviors in agent trajectories.
Specifically, we provide the full trajectories of models to an LLM and prompt it as an automated evaluator to identify
the presence of each behavior within these trajectories. Detail prompts are provided in Appendix [A.3] We define
behavior frequency as the proportion of trajectories that exhibit a specific behavior. Using this analysis framework, we
evaluated Gemini 2.5 Flash, DeepSeekR1, Llama3.2-3B-Instruct, and Qwen3-1.7B on three widely accepted bench-
marks for agenic search.

As illustrated in Figure[I] results across different models demonstrate a strong correlation between model performance
and the frequency of these beneficial behaviors. The performance ranking of the four models directly corresponds to
their ranking in behavior frequency, which validates the critical importance of these behaviors for successful agentic
search.
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4 BEHAVIOR PRIMING: UNLOCKING THE RL POTENTIAL OF SEARCH AGENTS

4.1 INSTILLING BEHAVIORS VIA SUPERVISED FINE-TUNING

Having established the essential behaviors for agentic search, we now investigate how the preceding SFT phase impacts
a model’s performance during subsequent RL Learning. The conventional approach typically fine-tunes a model on
trajectories from strong models for distillation, or filters for trajectories that yield a correct outcome. However, we
hypothesize that a more effective strategy should focus on instilling the desired reasoning behaviors, regardless of the
final answer, which we term “Behavior Priming”.

To test this hypothesis, we curated a suite of specialized datasets. First, we generated a large corpus of trajectories
using Gemini 2.5 Flash. Each trajectory in this corpus was then analyzed for two criteria: the correctness of its
final answer and the presence of the four beneficial behaviors. From this analyzed corpus, we filtered and created
several equally-sized datasets: 1) SFT (Random): Trajectories randomly selected from the initial corpus, serving as
an SFT distillation baseline. 2) SFT (Correct): Trajectories with a correct final answer, irrespective of the behaviors
exhibited. 3) Behavior Prime: Trajectories exhibiting all four beneficial behaviors, regardless of the final outcome.
4) Behavior Prime (Incorrect): Trajectories exhibiting all four behaviors but resulting in an incorrect final answer.
5) Behavior Prime (Correct): Trajectories exhibiting all four behaviors and resulting in a correct final answer.

While the SFT (Random) and SFT (Correct) datasets are standard practice, their trajectories do not necessarily
contain our identified reasoning behaviors. Conversely, trajectories in the Behavior Prime dataset do not always
yield the correct answer. To disentangle the influence of the reasoning process from the final outcome, we use the
Behavior Prime (Incorrect) dataset to verify that the reasoning process itself, rather than a correct outcome, is the
key to providing a strong foundation for subsequent RL training. In parallel, the Behavior Prime (Correct) dataset
was created to assess the synergistic effect of combining a high-quality reasoning process with a successful outcome.
Since a capable model generated the corpus, the SFT (Random) and SFT (Correct) datasets serve as strong baselines,
allowing us to measure the added value of our targeted curation against previous simple distillation methods.

With the datasets prepared, we instill the target behaviors into a base model via supervised fine-tuning. We train
models on multi-step trajectories by treating each step as an independent training sample. Formally, given a trajectory
dataset D = {7;};L,, where each trajectory is a sequence T; = ((z%,y), (4, 44), ..., («} .y} )) with length L;,
the dataset for SFT D is constructed by aggregating all input-output pairs from all trajectories:

Since we use each step as an individual training sample rather than concatenating the full trajectory, it is unnecessary
to mask the loss on environment observations. The model 7y is trained on Dgpp with the standard loss function for
autoregressive sequence generation:

lyl

Lsrr(0) = E(zy)~Dspr |~ Zlogﬂa(yj | Y<j, @)
j=1

4.2 REINFORCEMENT LEARNING

After the SFT phase, each of these SFT-checkpoints, along with the original base model (as a no-SFT baseline),
undergoes the same RL training process for an identical number of steps. Similarly, in this RL phase, each step of a
trajectory is treated as an independent training sample.

We optimize the policy 7y using the GRPO |Shao et al.| (2024) algorithm. For each question ¢, we sample a set of
G trajectories rollout {7;}% ;. The policy is then updated by aggregating over all individual steps from the sampled
trajectories. The loss function is defined as:

JGRrPO (0) = EqND,{Ti}?zl ~Tog4 (@)

G L; lykl

Z Z Z ﬁ min (Ti,k,t(g)fiiy clip (ri,k,t(0)7 1+ 5) AZ—)

i=1 k=1t=1

(1)

where 7; . +(6) is the importance sampling ratio, z%, and y are the input and output at step k of trajectory 7, and A; is
the advantage estimate for that trajectory.

We employ an outcome-based, trajectory-level reward signal to guide the training. For each completed trajectory 7,
an LLM-judge evaluates the final answer a; against the ground-truth solution g, assigning a binary reward R; of 1 for
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Information  Authority  Adaptive Error Outcome | Avg. Steps .
Dataset Verification  Evaluation ~ Search ~ Recovery | Accuracy / Traj. #Traj. # Toal Steps
SFT (Random) 71.7 422 52.3 36.2 40.0% 4.6 4.3k 20k
SFT (Correct) 85.7 52.2 53.2 28.0 100.0% 39 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

Table 1: The behavior frequencies, outcome accuracy, and trajectory statistics for SFT datasets.

a correct answer and zero otherwise. This reward R; is used as reward for every step within that trajectory, and the

advantage estimate A; is also constant for all steps, defined as A; = %ﬁ:ﬁk}).

5 EXPERIMENTS

5.1 EXPERIMENTAL SETUP

Dataset We use the SFT and RL dataset from the web agent dataset of [Li et al.| (2025b)). For SFT, we utilize only
the questions and ground truth answers. We generated a large trajectory corpus by using Gemini 2.5 Flash as the
underlying LLM in our agent framework, sampling 10 trajectories for each question, and randomly selecting data
samples that meet specific criteria to create each SFT dataset. Detailed statistics for these datasets are presented in
Table[T] For the RL phase, we utilized the complete 10427 instance in original dataset.

Training Details We adopt Qwen3-1.7B |Yang et al.| (2025) and Llama3.2-3B-Instruct [Metal (2024) as our base
models. For SFT, each model was fine-tuned for three epochs with a batch size of 8. The RL training was conducted
on the verl-agent framework Feng et al.[(2025) for 300 steps, with a batch size of 32 and a group size of 8 for GRPO.

Benchmarks and Evaluation We evaluate on three widely-accepted benchmarks for search agents: WebWalk-
erQA Wu et al.| (2025c), GAIA |Mialon et al.|(2023)), and Humanity’s Exam (HLE) Phan et al.|(2025b). For the GAIA
benchmark, we follow prior work |Li et al.| (2025c); [Wu et al.| (2025b); [L1 et al.| (2025b) and use the subset of 103
text-based examples. To assess performance, we adopt an LLM-as-Judge approach, using GPT-40-mini to score the
final answers. During this evaluation, each trajectory is limited to a maximum of 25 steps. For our main evaluation,
the model’s temperature is set to 0.0, whereas for the pass@k evaluation, it is set to 1.0.

5.2 MAIN RESULTS

Behavior Priming Effectively Increases Headroom for RL  As shown in Table[2] models that first undergo behav-
ior priming (trained on the Behavior Prime, Behavior Prime (Incorrect), or Behavior Prime (Correct) datasets)
consistently achieve significantly larger performance gains during the subsequent RL phase compared to models
trained with RL directly. For instance, the final scores of both Llama-3.2-Instruct and Qwen3-1.7B improved by
over 35% relative to applying RL to the non-primed base models (19.3 vs. 14.3 and 22.3 vs. 13.9, respectively). Fur-
thermore, Behavior Priming significantly outperforms the simple distillation baseline (trained on the SFT (random)
dataset), which demonstrates that our targeted data curation method is effective at instilling beneficial properties for
subsequent RL training. These results demonstrate that by establishing a robust foundation through behavior-centric
SFT, Behavior Priming creates greater “headroom” for improvement during RL, ultimately leading to superior final
performance.

Reasoning Behavior is More Important than Outcome Correctness While fine-tuning on the SFT (Correct)
dataset yields the best scores immediately after the SFT phase, this advantage does not lead to the best ultimate
performance. During the subsequent RL training, the model trained on the SFT (Correct) dataset is surpassed by
those trained with our behavior priming method (trained on the Behavior Prime, Behavior Prime (Incorrect), or
Behavior Prime (Correct) datasets). This finding strongly suggests that although outcome correctness provides a
powerful initial boost, focusing on reasoning behaviors lays a more solid foundation for RL. Priming the model on
behaviors provides it with greater headroom for improvement, which is the key to achieving superior final performance.

Furthermore, this conclusion is powerfully supported by the results from the Behavior Prime (Incorrect) dataset.
Despite achieving suboptimal improvement after SFT, this model ultimately acquired the largest gains during RL
training and even achieved the strongest final performance. This result provides strong evidence that a model can still
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Table 2: Overall performance (in accuracy %) of Qwen3-1.7B and Llama3.2-3B-Instruct before and after RL fine-
tuning. Bold numbers indicate the maximum score.

GAIA WebWalker HLE Overall
Method Level 1 Level2 Level3 Avg. | Avg. [ Avg. | Avg
Before RL
Qwen3-1.7B 7.7 1.9 0.0 39 15.3 4.0 7.7
Qwen3-1.7B + SFT (Random) 12.8 7.7 0.0 8.7 23.5 54 12.5
Qwen3-1.7B + SFT (Correct) 10.3 9.6 0.0 8.7 24.3 4.8 12.6
Qwen3-1.7B + Behavior Prime 12.8 7.7 0.0 8.7 22.0 4.6 11.8
Qwen3-1.7B + Behavior Prime (Incorrect) 7.7 11.5 0.0 8.7 15.3 3.5 9.3
Qwen3-1.7B + Behavior Prime (Correct) 10.3 9.6 0.0 8.7 19.1 6.2 11.2
Llama3.2-3B-Instruct 2.6 3.8 0.0 3.0 39 2.1 3.0
Llama3.2-3B-Instruct + Behavior Prime 20.5 9.6 0.0 12.6 26.7 5.2 14.2
After RL
Qwen3-1.7B + RL 154 11.5 0.0 11.7 26.1 39 13.9
Qwen3-1.7B + SFT (Random) + RL 18.0 11.5 16.7 14.6 33.2 7.4 18.4
Qwen3-1.7B + SFT (Correct) + RL 23.1 17.3 0.0 17.5 36.8 5.8 20.1
Qwen3-1.7B + Behavior Prime + RL 28.2 21.2 0.0 21.4 37.2 7.8 22.3
Qwen3-1.7B + Behavior Prime (Incorrect) + RL 30.8 26.9 8.3 27.2 35.5 7.8 23.5
Qwen3-1.7B + Behavior Prime (Correct) + RL 30.8 23.1 16.7 25.2 37.8 7.8 23.6
Llama3.2-3B-Instruct + RL 12.8 11.5 8.3 11.7 23.8 7.4 14.3
Llama3.2-3B-Instruct + Behavior Prime + RL 25.6 11.5 8.3 16.5 34.0 7.5 19.3

acquire beneficial reasoning processes from trajectories that all lead to incorrect outcomes. It demonstrates that the
reasoning process itself, independent of the outcome, is the most critical factor for building a strong foundation for
subsequent RL training.

5.3 TRAINING DYNAMICS
To better understand the effect of Behavior Priming, we analyze the model’s properties during both the supervised

fine-tuning phase and the subsequent RL training. Our analysis reveals that priming instills essential capabilities for
exploration and extrapolation of computation at test time, which unlock greater potential for the RL phase.

Behavior Frequency Behavior Frequency
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Figure 2: Qwen3 1.7B + SFT (Random) and Qwen3 1.7B + Behavior Prime’s behavior frequencies, Pass@8 ac-
curacy, and trajectories statistics (average step number and average search action number per trajectory) on the Web-
WalkerQA benchmark with different checkpoints during the supervised fine-tuning process.

Behavior Priming Encourages Exploration We first examine how model capabilities evolve during the behavior
priming process. We monitored the model’s Pass@8 performance, average trajectory step length, and the frequency
of the four beneficial behaviors as SFT progressed on the SFT (Random) and Behaviors Prime datasets as shown in
Figure[2] In contrast, all metrics show an upward trend on both datasets; the growth is substantially more pronounced
when training on the Behavior Prime dataset, with the frequencies of all four behaviors, the model’s Pass@8 perfor-
mance, and the average number of steps per trajectory all increasing to a much greater extent. This indicates that the
model is learning to explore more diverse paths and allocate more test-time compute resources by performing more
steps. This process equips the model with crucial exploration abilities, laying a stronger foundation for the RL stage.
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Figure 3: The entropy loss, validation accuracy, and valid action ratio trend during the RL process of Qwen3-1.7B and
Qwen3-1.7B with behavior priming (SFT on the Behavior Prime dataset). The Valid Action Ratio is the percentage
of steps in which the model generates a syntactically valid action.

Sustained Exploration Translates to a Higher RL Ceiling We also analyzed the training dynamics during the RL
phase. We compared the policy entropy and validation performance of the model with behavior priming against those
of the initial base model, which was trained without behavior priming (from scratch using RL). Results demonstrated
that the behavior-primed model consistently maintains a high policy entropy throughout RL training, showing little
tendency to collapse. In contrast, the base model begins with a lower entropy that rapidly collapses. This high entropy
signifies that the primed model sustains a richer exploratory ability, continuously seeking diverse strategies rather than
prematurely converging to a suboptimal policy.

This sustained exploration translates directly to performance. The validation curve shows that while the base model
converges more quickly to a low plateau, the behavior-primed model converges more slowly and reaches a higher
performance ceiling. This confirms that Behavior Priming creates more headroom for improvement, enabling the RL
algorithm to discover more effective and robust policies.

Disentangling Reasoning Behaviors from Format Learning Notably, our results demonstrate that unfamiliarity
with the task’s required output format is not the primary barrier preventing the base model from improving during
RL. As shown in Figure [3] although the base Qwen3-1.7B model initially has a slightly lower valid action ratio (the
percentage of steps in which the model generates a syntactically valid action) than the primed model, it successfully
masters the action format within just 20 steps and maintains a high ratio thereafter. In contrast, the valid action ratio
for the behavior-primed model is even less stable. This phenomenon provides strong evidence that the performance
gains from Behavior Priming stem from the targeted reasoning behaviors themselves, rather than from simple format
familiarization (e.g., learning tool-use syntax).

5.4 EFFECT OF SFT DATA SI1ZE ON BEHAVIOR PRIMING

We also investigated how the scale of the SFT data affects the efficacy of Behavior Priming. To this end, we fine-
tuned Qwen3-1.7B on subsets of our Behavior Prime dataset of varying sizes: 5k, 10k, and the full 20k samples. We
then subjected each of these behavior-primed models to RL training and compared their final performance against a
baseline that received no behavior-priming process (denoted as 0k).

Results in Figure ] reveal a clear scaling trend: as the size of the SFT dataset increases, the model’s final performance
after RL consistently improves. This demonstrates that the benefits of Behavior Priming is scalable, with performance
ceiling increasing by leveraging larger-scale data for the initial priming phase.

6 DISCUSSION: CAN PROCESS REWARDS INDUCE EMERGENT OF BEHAVIORS?

We observed that the base model fails to spontaneously acquire these reasoning behaviors during direct RL training
(See the behavior frequency in Table [3). This inspires us to investigate whether we could guide the emergence of
these behaviors with a process reward signal during the RL phase, instead of directly instilling them in a preliminary
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Figure 4: Qwen3-1.7B’s performance across three benchmarks after Behavior Priming with different dataset sizes,
and corresponding performance after the subsequent RL training.

SFT phase. Specifically, we combined the standard outcome-based reward with a process reward that encourages the
exhibition of reasoning behaviors in the model’s trajectory. For a rollout trajectory 7; generated during RL, we use the
analysis framework in Section[d.1]to identify behaviors in this trajectory, and define the final reward R; as:

Ri = Routcome + ﬁ x N

where NV is the number of reasoning behaviors present in the trajectory and S is a weighting hyperparameter, which
we set to 0.1.

As shown in Table[3] this reward-shaping approach successfully increases the frequency of all four behaviors. How-
ever, this increase did not translate into better performance. On the contrary, the final task scores were even worse
compared to standard RL with an outcome-only reward. This result aligns with the findings of previous work on math
and code reasoning [DeepSeek-Al et al.| (2025), suggesting that the model learns to “reward hack”—it mimics the
surface-level patterns of the behaviors to maximize the process reward but fails to grasp their functional essence for
effective problem-solving. This finding reveals that our SFT-based Behavior Priming method is a more effective way
to improve model performance, which instills a deeper, more grounded understanding of the reasoning process that
direct reward shaping cannot achieve.

Table 3: Results of behavior frequency (averages across benchmarks, with increments relative to Qwen3-1.7B before
RL training) and downstream performance evaluation for standard RL and behavior guided RL with process rewards.

Behavior Frequency 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 39 4.0
Qwen3-1.7B + RL 252 (-3.1) 9.8(-83) 215 11.2 (-28.5) 26.1 16.3 39
Qwen3-1.7B + behavior guided RL  67.3 50.8 82.8 86.5 15.4 7.8 44

7 CONCLUSION

In this work, we address the critical question of how to best prepare LLMs for Reinforcement Learning in agentic
search. Unlike in domains such as mathematics, foundational reasoning capabilities for these real-world agentic
tasks are often underdeveloped, making this preparatory stage particularly important. To this end, we identified four
essential reasoning behaviors for agentic search: Information Verification, Authority Evaluation, Adaptive Search,
and Error Recovery. We then proposed Behavior Priming, a method that uses supervised fine-tuning to instill these
behaviors before the RL stage. Our findings reveal that the presence of these reasoning behaviors within SFT trajectory
data is more important than the correctness of the final outcome. This demonstrates that Behavior Priming builds a
strong reasoning foundation for unlocking a model’s potential for self-improvement during RL training. Our analysis
reveals that this method fosters a robust exploratory capability that translates to sustained high policy entropy during
RL, preventing premature policy collapse. This work highlights a promising direction for exploring how targeted
post-training can systematically unlock the reinforcement learning potential to build more capable and robust agents
equipped to handle complex real-world tasks.
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8 REPRODUCIBILITY STATEMENT

To ensure the reproducibility of our work, we will make our source code publicly available upon publication. The
code will include scripts for model training, data processing, and evaluation. We provide details of dataset, evaluation
and training in Section[5.1] We also provide all prompts used in our method in Appendix [A]
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A  PROMPTS

A.1 PROMPT FOR AGENT FRAMEWORK

We support the integration of both models with internal thinking(like Gemini 2.5 series, Qwen3 series, 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:

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. xxDon't do duplicate search.xx 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 xxONLY
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 NOTxx include any information in
<information></information> in your output.

Question: {question}

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

13
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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. xxDon't do duplicate search.xx 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 xxONLY
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 NOTxx include any information in
<information></information> in your search action.

Question: {gquestion}

Question: {question}

History Turns: (empty if this is the first turn)
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A.2 PROMPT FOR BEHAVIOR IDENTIFICATION

[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

3. <summary> important parts of the history turns </summary>: summarize the
history turns to keep valuable information for solving the gquestion.

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]

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
unampbiguously 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}
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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}

A.3 PROMPT FOR BEHAVIOR ANALYSIS FRAMEWORK

[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 gquestion.

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:

**xpbehaviorl: Information Verificationx*x

The agent validates information across multiple reliable sources to ensure its
conclusions are well-founded.

*+ *xxCross—-Referencing:*x Actively seeking out and comparing multiple sources to
confirm critical facts, or performing additional searches to verify the
information.

* xxCiting Evidence:xx Explicitly basing its reasoning and conclusions on the
information found, rather than making unsupported claims.

*+xpbehavior2: Authority Evaluationxx

The agent assesses the reliability of its sources and resolves conflicting
information.

* xxDetecting Conflicts:** Identifying when different sources provide conflicting
information and attempting to resolve the discrepancy.

* *xPrioritizing Authority:** Giving more weight to official documentation,
academic papers, and reputable news outlets over forums, blogs, or less reliable
sources.
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*xpehavior3: Adaptive Searchxx

The agent intelligently modifies its search strategy based on the information and
challenges encountered in previous steps.

* xxNarrowing Focus:x* Using initial broad search results to identify more
specific and effective keywords for subsequent searches.

* xxBroadening Scope:xx Widening the search terms or approach when initial
queries are too narrow and yield no useful results.

*+xpbehavior4: Error Recoveryx*x*

The agent recognizes previous errors and takes actions to correct its course.

* *xxAcknowledging Failure:** Explicitly noting when a search query or an entire
strategy is not yielding useful information, or some mistakes are made.

* *xStrategic Pivoting:xx 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 Jjson format without markdown code

fences:

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

}}

[Question]

{question}

[Trajectory]
{trajectory}

[Your Answer]

A.4 PROMPT FOR LLM-JUDGE EVALUATION

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'"

H}

B CASE STUDY

Here is a case study for how the behavior-primed model (Qwen3 1.7B + Behavior Prime + RL) successfully solves a
question, but the base model fails (Qwen3 1.7B + RL). The question is from the GAIA dataset. The trajectory for both
models is provided below.
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Question “What was the actual enrollment count of the clinical trial on H. pylori in acne vulgaris patients from
Jan—May 2018 as listed on the NIH website?”

B.1 SUCCESSFUL TRAJECTORY

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]

I'm aiming for the USGS’s 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

</think>
<search>

NCT03411733 trial start date and recruitment numbers Jan-May 2018 NIH
</search>
<information> retrieved documents </information>

Step 4:
<think>

The last query didn’t bring me directly to the ClinicalTrials.gov record.
I need to correct my approach and focus on the trial ID itself.
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[Behavior 4: Error Recovery]

My initial search didn’t 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>
</think>
<answer>

The actual enrollment count is 90 patients.

</answer>
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B.2 UNSUCCESSFUL TRAJECTORY

Tarn 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>
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Failed - extracted "100" without checking against the authoritative NIH
record. NIH/ClinicalTrials.gov was named, but not validated.

C THE USE OF LLMS

We utilized LLMs to enhance the clarity, grammar, and readability of this manuscript. The research ideas, content,
and scientific contributions are entirely the work of the human authors, who reviewed and edited all LLM suggestions
and retain full responsibility for the final text.
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