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Abstract

Large language models (LLMs) augmented
with multi-step reasoning and action genera-
tion abilities have shown promise in leverag-
ing external tools to tackle complex tasks that
require long-horizon planning. However, ex-
isting approaches either rely on implicit plan-
ning in the reasoning stage or introduce ex-
plicit planners without systematically address-
ing how to optimize the planning stage. As evi-
dence, we observe that under vanilla reinforce-
ment learning (RL), planning tokens exhibit
significantly higher entropy than other action
tokens, revealing uncertain decision points that
remain under-optimized. To address this, we
propose DEEPPLANNER1, an end-to-end RL
framework that effectively enhances the plan-
ning capabilities of deep research agents. Our
approach shapes token-level advantage with an
entropy-based term to allocate larger updates to
high entropy tokens, and selectively upweights
sample-level advantages for planning-intensive
rollouts. Extensive experiments across seven
deep research benchmarks demonstrate that
DEEPPLANNER improves planning quality and
achieves state-of-the-art results under a substan-
tially lower training budget.

1 Introduction

The evolution of AI assistants has progressed from
simple question-answering systems to sophisti-
cated research agents capable of complex infor-
mation synthesis. While early systems relied solely
on the internal knowledge of large language models
(LLMs), the introduction of retrieval-augmented
generation (RAG) (Lewis et al., 2021) greatly ex-
panded their knowledge by incorporating exter-
nal documents. Deep research agents(OpenAI,
2025a; Gemini, 2025; xAI, 2025; Zheng et al.,

*Work done during internship at Amazon.
1The code and data are available at https://github.com/

AlexFanw/DeepPlanner

🤔 User Question: 
What is the leading ballet company in the country where 
the discoverer of C/2014 Q2 (Lovejoy) is a citizen?

Web Search: [Discoverer of C/2014 Q2 (Lovejoy)]
Tool Response: Terry Lovejoy is...

1. Search for the discoverer of C/2014 Q2 (Lovejoy).
2. Identify the country where the discoverer is a citizen.
3. Research the leading ballet company in that country.

📅 Planning Stage

Based on the search results, 
the Australian Ballet is…

💬 Answer Stage

Web Browse: [Https://en.wikipedia…]
Tool Response: ..an Australian citizen.

Web Search: [Leading… in Australia]
Tool Response: The Australian Ballet …

🔧 Tool-Call Stage

[Answer]: the Australian Ballet 

Figure 1: When the agent is instructed to explicitly write
a research plan and then execute it, we observe that
the planning stage exhibits much higher token entropy
(0.78) than other stages (0.32) during RL training.

2025) represent the next leap in this evolution, com-
bining advanced reasoning capabilities (DeepSeek-
AI et al., 2025; Jaech et al., 2024) with action gener-
ation (Yao et al., 2023) to orchestrate diverse exter-
nal tools (e.g., web search). These agents automate
the complete research workflow of discovering, ver-
ifying, and summarizing online information (Xu
and Peng, 2025), enabling them to tackle research
tasks that traditionally require human expertise.

However, simple reactive approaches that alter-
nate between thinking and acting suffer from in-
efficiency and goal drift in long-horizon research
tasks, necessitating explicit high-level planning to
decompose complex goals and coordinate multi-
stage workflows (Huang et al., 2024; Wei et al.,
2025a; Xu and Peng, 2025). While some systems
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like DeepResearcher (Zheng et al., 2025) oper-
ate without upfront planning, allowing plans to
emerge implicitly during reasoning, others, such as
OpenAI/Agents SDK(OpenAI, 2025b) and Cogni-
tive Kernel-Pro(Fang et al., 2025), incorporate ded-
icated planner components for goal decomposition
and execution tracking. Despite these framework
advances, it still lacks systematic approaches to di-
agnose and optimize the planning capabilities that
are crucial for deep research agents’ success.

To diagnose this gap, we extend DeepRe-
searcher (Zheng et al., 2025) into a plan-then-
execute framework that explicitly decouples high-
level planning from low-level execution (e.g., tool
calls and answer generation). The agent must pro-
pose an initial plan in the first round within <plan>
. . . </plan> and can refine it as new evidence ar-
rives. Under vanilla Group Relative Policy Opti-
mization (GRPO) (Shao et al., 2024), we uncover a
consistent pattern shown in Figures 1 and 3: plan-
ning tokens exhibit substantially higher entropy
than other execution tokens throughout training.
Coupled with the performance–entropy transforma-
tion mechanism (Cui et al., 2025), this observation
reveals the challenge that existing methods cannot
effectively convert elevated planning-stage entropy
into improved downstream performance.

To address this, we introduce DEEPPLANNER,
an end-to-end reinforcement learning (RL) frame-
work with advantage shaping that sustainably
scales the planning capability of deep research
agents. First, inspired by (Cheng et al., 2025),
we append an entropy-shaped term to the original
token-level advantages, amplifying gradients on
uncertain tokens (primarily during planning) while
clipping to prevent sign flips on strongly negative
advantages. This detached shaping term primar-
ily reinforces advantageous planning trajectories
and prevents entropy collapse, preserving sustained
exploration. Second, to further strengthen perfor-
mance on planning-intensive tasks, we introduce se-
lective advantage upweighting. Prior work (Zhang
et al., 2025) filters rollouts with more tool calls
within each RL iteration, then performs supervised
fine-tuning (SFT) on these trajectories before con-
tinuing RL training. Instead, within each rollout
group under the same query, we identify the most
efficient rollout (correct answer, fewest tool calls)
and define its tool-call count as the query complex-
ity. We then upweight sample-level advantages for
the most efficient rollout in groups exceeding the
complexity threshold, achieving comparable gains

while maintaining end-to-end simplicity.
Extensive experiments demonstrate that DEEP-

PLANNER achieves state-of-the-art (SOTA) results
on deep research benchmarks with markedly fewer
training resources: 3,072 queries and 8 rollouts
per query, versus 10× more training samples and
roughly 2× more rollouts of the previous SOTA
framework EvolveSearch (Zhang et al., 2025). Ab-
lations further show that (i) explicit planning im-
proves performance on long-horizon tasks, (ii)
entropy-based advantage shaping accelerates ef-
fective planning optimization without entropy col-
lapse, and (iii) selective advantage upweighting
better exploits complex rollouts that require inten-
sive planning.

Our contributions are summarized as follows:

• We diagnose and quantify persistent high en-
tropy on planning tokens within a plan-then-
execute deep research framework, revealing
untapped potential to scale planning capacity.

• We propose DEEPPLANNER, which intro-
duces two advantage shaping mechanisms un-
der GRPO to amplify learning on uncertain
planning tokens and on complex, high-quality
rollouts, enabling efficient end-to-end training
without interleaved SFT.

• We conduct extensive experiments demon-
strating that DEEPPLANNER achieves SOTA
performance with markedly reduced bud-
gets. Ablations further characterize plan-
ning–entropy dynamics and quantify how ad-
vantage shaping scales planning capability.

2 DEEPPLANNER: Preliminaries

In this section, we detail the definition of deep re-
search, define the trajectory structure, and describe
the basic modules and tools that constitute the en-
vironment in which our agent operates.

2.1 Problem Definition

In the deep research scenario, given a user query
q and system prompt p, the LLM-based agent fol-
lows the ReAct (Yao et al., 2023) framework to
perform multi-turn reasoning (a.k.a. thinking) and
action, including plan, tool call, and answer, until
producing a final output. The overall process can
be represented as a trajectory:

τ = {(s0, e0, a0), (s1, e1, a1), . . . , (sT , eT , aT ), R}, (1)
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Figure 2: The overview of DEEPPLANNER. For each rollout, GRPO token-level advantages are augmented with α×
token entropy (clipped to avoid sign flips). Within each group, rollout(s) that reach the correct answer with fewer
tool calls receive a higher weight (tool-call counts gate complexity).

where st denotes the state at step t, consisting of
the system prompt p, user query q, accumulated
reasoning (a.k.a. thinking) tokens {ei}ti=0, action
tokens {ai}ti=0, and tool responses up to t. At each
step t, the model generates (i) a thinking segment
et, and (ii) an action token at, which correspond to
a high-level plan or a low-level execution. R de-
notes the terminal reward that evaluates the quality
of the final answer with respect to the user query.

2.2 Agent Loop Modules

At each step, the output of our deep research agent
can be decomposed into the following modules:

Think. Before taking any explicit action, we in-
struct the agent to think and generate a reasoning
segment, wrapped in <think> . . .</think>, serv-
ing as the model’s latent observation and analysis
about the current state st.

Plan. The plan is the only high-level action in the
trajectory. Unlike prior approaches where planning
is often entangled with reasoning or execution, we
require the model to explicitly output its intended
strategy within <plan> . . . </plan> tags. The plan
specifies what information to search, what tools
to invoke, and how to integrate the tool response
for answering the query. Two constraints are im-
posed: (1) an initial plan must be provided in the
first round, and (2) the plan can be refined or revis-
ited in later steps. This explicit separation yields
interpretable, verifiable plans and discourages op-
portunistic, ad hoc strategies that can destabilize
long-horizon reasoning.

Tool Call. As a low-level action, a tool call can
invoke either web_search or web_browse exter-
nal tool. The agent produces a structured request,

following a pre-specified tool schema as detailed
in Section B.1, and encloses it in <tool_call>
. . .</tool_call>. The environment then executes
the request, returning structured tool outputs as the
tool responses, which are appended to the agent
context for the next step.

Answer. The answer module denotes the low-
level termination action. When the agent deter-
mines that sufficient information has been gath-
ered, it outputs the final response in <answer>
. . . </answer>. Executing this action ends the tra-
jectory, and the agent receives the terminal reward
R, which reflects answer quality.

2.3 Deep Research Tools

During the deep research pipeline, our environment
provides two external tools (Zheng et al., 2025):

Web Search. The web search tool is invoked
when the agent requires external evidence sources.
The agent issues a JSON-formatted request specify-
ing the tool name web_search and query string(s).
The tool calls the online web search API (Serper2)
and returns a ranked list of top-k results (we set
k = 10), each containing a title, URL, and snippet
as follows:

Request: [query1, query2, ...]
Response: (title1, URL1, snippet1), (...

Furthermore, both the search query and returned
results are cached for downstream use by the web
browsing tool.

Web Browse. When a deeper inspection of candi-
date URLs is needed, the agent calls the browsing
tool. The request consists of a target URL together

2https://serper.dev/
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with the associated user query q and search query
retrieved from the cache. The browsing agent first
fetches the initial page segment of the document,
summarizes query-relevant content, and stores it
in short-term memory. Based on this memory, it
adaptively decides whether to continue reading sub-
sequent segments of the URL or to stop. Once
browsing concludes, the accumulated short-term
memory is compiled and returned as the browsing
tool response as follows:

Request: (query, [URL1, URL2, URL3...])
Response: (URL1, page information1), (...

Without returning the entire webpage content,
the browsing tool enables selective reading and
iterative evidence extraction, which reduces con-
text length pressure on the agent while maintaining
information relevance.

3 DEEPPLANNER: Advantage Shaping

In this section, we provide a detailed introduction
to our end-to-end training framework based on
GRPO (Shao et al., 2024), with our proposed ad-
vantage shaping methodology, which enables more
efficient planning optimization and high-quality
rollout utilization.

3.1 Vanilla RL Training Framework
We train the policy πθ of DEEPPLANNER using re-
inforcement learning under the GRPO framework.

GRPO Unlike traditional sample-level loss func-
tions (DeepSeek-AI et al., 2025), this paper’s
GRPO operates at the token level (Yu et al., 2025),
which better preserves individual token contribu-
tions in long text generation, where sample-level
methods often dilute their impact. Formally, the
objective function is given by:

J (θ) =Ex∼D,{yi}Gi=1∼πθold(⋅∣x)
1

∑G
i=1 ∣yi∣

G

∑
i=1

∣yi∣
∑
t=1

[min (ri,tAi,t, clip(⋅)Ai,t) − βDKL].
(2)

Here, G denotes the number of rollouts τ gener-
ated by the agent for the same prompt. A roll-
out y refers only to the tokens generated by the
agent, while τ additionally includes tool responses.
∣yi∣ represents the length of the i-th rollout. The
importance sampling ratio is defined as ri,t(θ) =

πθ(ai,j,t∣s,ai,j,<t)
πold(ai,j,t∣s,ai,j,<t) . DKL measures the discrepancy
between the current policy πθ and the reference
policy πold. The clipping function is defined as

clip(1 − ϵ, ri,t, 1 + ϵ), where ϵ and β are hyper-
parameters. Finally, the group relative advantage
is computed as Ai,j =

ri−mean(r)
std(r) , which are com-

puted using rollout rewards within the same group.

Rewards. The reward function is designed to bal-
ance correctness with adherence to the required out-
put structure: (1) Format Reward: +0.5 if the out-
put strictly follows the required structure (<plan>,
<tool_call>, <answer>). (2) Answer Reward:
+0.5 if the final answer matches the ground truth.
In this work, we employ an LLM-as-a-judge ap-
proach to determine the answer reward, as detailed
in Section B.3. Importantly, format violations over-
ride correctness. For example, if the output format
is incorrect (e.g., invalid tool call syntax or failing
to generate a <plan> in the first round), the reward
is set to 0, even if the final answer is correct.

3.2 Entropy-based Advantage Shaping (EAS)
Under vanilla GRPO, as shown in Figure 3, plan-
ning tokens (<think> and <plan> segments in the
planning steps) remain consistently higher entropy
than other stages throughout training, indicating
that the agent retains substantial uncertainty when
forming plans. Empirically, policy performance
is fundamentally traded from policy entropy (Cui
et al., 2025), making it critical to guide planning en-
tropy toward a stable, reasonable range during train-
ing to improve downstream performance. However,
unlike RL tasks in mathematics (Shao et al., 2024)
or coding, deep research training faces severe con-
straints due to long tool response times, making it
impractical to scale training over hundreds of steps.
Consequently, high-entropy planning receives in-
sufficient advantage signals for optimization, leav-
ing substantial room for exploration unexploited.
On the other hand, simply increasing the learning
rate can accelerate convergence, but it also leads
to entropy collapse, where the model quickly con-
verges to rigid patterns with minimal diversity and
ceases to improve. Inspired by (Cheng et al., 2025),
to accelerate the optimization of the planning capa-
bility and encourage exploration while preventing
collapse, we add a gradient-detached entropy-based
shaping term to the original token advantages:

ψ(Hi,t) = min (α ⋅Hdetach
i,t ,

∣Ai,t∣
κ ) ,

A
EAS
i,t = Ai,t + ψ(Hi,t),

(3)

where Ai,t is the original token advantage, Hi,t is
the token-level entropy (detached from the com-
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Figure 3: In the vanilla GRPO framework, planning-stage entropy is markedly higher than other execution-stage
entropy, revealing underdeveloped planning capacity (Cui et al., 2025). With the advantage shaping mechanisms,
our DEEPPLANNER effectively transforms the planning entropy to the performance on deep research tasks without
inducing global entropy collapse.

putation graph), α is a tunable shaping coefficient,
and κ>1 is a clipping factor that prevents negative
advantages from being flipped positively, thereby
preventing poor actions from being turned into fa-
vorable ones solely due to high entropy.

3.3 Selective Advantage Upweighting (SAU)
Long-horizon tasks often contain multiple rollouts
of varying difficulty. Rollouts that are more com-
plex tend to contribute more significantly to model
improvement. Prior work (Zheng et al., 2025) ob-
serves that the average number of tool calls in-
creases gradually over the course of training. Build-
ing on this, (Zhang et al., 2025) proposed an iter-
ative pipeline: filter rollouts that are both correct
and belong to the top-k in tool-call usage, apply
supervised fine-tuning (SFT) on them, and then
resume RL training. While effective, this approach
introduces considerable engineering complexity.

To achieve a similar and more efficient effect
in an end-to-end manner, we introduce selective
advantage upweighting, which amplifies the ad-
vantages of high-quality, complex rollouts during
RL training. This serves as an additional shaping
strategy that mimics the benefits of SFT filtering
while maintaining a simpler training pipeline. Fur-
thermore, we optimize the filtering strategy used
for rollout selection. As illustrated in Figure 2,
within each rollout group, we select trajectories
that: (1) achieve the maximum reward (1.0), and
(2) use the minimum number of tool calls Ntool in
the group while exceeding a threshold c controlling
complexity. Formally, we define:

A
SAU
i,t = Ai,t ⋅ λ, Ntool ≥ c, (4)

where λ > 1 controls the strength of upweighting.
When both entropy-based and selective shaping

are applied together in DEEPPLANNER, the update
rule is:

A
Shaping
i,t = { Ai,t ⋅ λ + ψ(Hi,t), if τi is selected

Ai,t + ψ(Hi,t), if τi is not selected
(5)

Compared with previous methods that select roll-
outs purely based on tool-call counts, our strategy
not only enforces a lower bound on rollout com-
plexity but also promotes more efficient strategies,
rather than simply encouraging excessive tool calls.
This avoids over-rewarding redundant tool usage
and reduces wasted resources.

4 Experiments

4.1 Experiment Settings

Dataset and Metrics We follow the training and
evaluation protocol of DeepResearcher. The train-
ing set comprises NQ, TQ, HotpotQA, and 2Wiki
in a 1:1:3:3 ratio, totaling 80,000 samples, with
75% being multi-hop, matching the long-horizon
information-seeking scenarios of deep research.
For evaluation, as detailed in Section B.3, we adopt
model-based evaluation (MBE) (Zhang et al., 2025)
using chatgpt-4o-latest as the judge to score fi-
nal answers (correct = 1, incorrect = 0), and we
report the average MBE on (1) In-domain: NQ,
TQ, HotpotQA, and 2Wiki (2,048 examples). (2)
Out-of-domain: Musique, Bamboogle, and PopQA
(1,129 examples). Note that our RL training uses
only a small subset (3,072) of the entire training
set, and Table 2 summarizes the training budgets
for our method and the baselines.

Training Configuration In this paper, we choose
Qwen2.5-7B-Instruct as the backbone model
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Method Inference
Environment

In-domain Out-of-domain TotalNQ TQ Hotpot 2Wiki Avg Musique Bamb PopQA Avg

⋄ Prompt Based
CoT - 32.0 48.2 27.9 27.3 33.9 7.4 21.6 15.0 14.7 25.7
CoT + RAG Local RAG 59.6 75.8 43.8 24.8 51.0 10.0 27.2 48.8 28.7 41.4
Search-o1* Local RAG 57.4 61.1 40.8 32.8 48.0 21.3 38.4 42.4 34.0 42.0
Search-o1 Web Search 55.1 69.5 42.4 37.7 51.2 19.7 53.6 43.4 38.9 45.9

♣ Training Based
Search-r1-base Local RAG 60.0 76.2 63.0 47.9 61.8 27.5 57.6 47.0 44.0 54.2
Search-r1-instruct Local RAG 49.6 49.2 52.5 48.8 50.0 28.3 47.2 44.5 49.5 49.8
R1-Searcher Web Search 52.3 79.1 53.1 65.8 62.6 25.6 65.6 43.4 44.9 55.0
DeepResearcher Web Search 61.9 85.0 64.3 66.6 69.5 29.3 72.8 52.7 51.6 61.8
DeepResearcher* Web Search 66.4 86.0 65.4 75.0 73.2 29.0 71.7 50.2 50.3 63.4
EvolveSearch-ite1 Web Search 68.5 87.4 65.4 75.6 74.2 29.3 74.0 51.2 51.5 64.5
EvolveSearch-ite2 Web Search 69.4 86.3 66.3 78.5 75.1 31.6 76.5 52.8 53.6 65.9
EvolveSearch-ite3 Web Search 71.0 89.5 67.7 76.4 76.2 33.8 77.1 50.3 53.7 66.6

♠ Our Series
DEEPPLANNER Web Search 72.9 87.5 68.2 75.6 76.1 32.4 77.6 55.3 55.1 67.1
- w/ EAS Web Search 73.4 85.9 66.6 72.1 74.5 34.4 78.4 54.5 55.8 66.5
- w/ SAU Web Search 70.3 86.7 67.0 64.8 72.2 33.4 76.0 54.7 54.7 64.7
- Vanilla Web Search 73.8 87.3 65.8 68.8 73.9 30.1 71.2 53.7 51.7 64.4

Table 1: The overall performance across seven benchmarks shows that DEEPPLANNER achieves SOTA results in
terms of the total average MBE score and significantly enhances the out-of-domain generalization. We also report
DeepResearcher with model-based reward (Zhang et al., 2025) (denoted DeepResearcher*)

0 10 20 30 40 50
Step

2

3

4

5

En
tro

py
 A

dv
. R

at
io

 (%
) EAS

DeepPlanner

Figure 4: The ratio
Hi,t

∣Ai,t∣ indicates that our approach
does not over-encourage during the training process.

and the judge model during RL training. Each
optimization step samples 64 queries and gener-
ates 8 rollouts for each query. For DEEPPLAN-
NER and ablation studies, we all train for 48 steps.
For EAS, we set the shaping coefficient α = 0.1
and the clipping factor κ = 2, following previ-
ous work (Cheng et al., 2025). For SAU, we set
λ = 2 and complexity threshold c = 2, as approx-
imately 40% of rollouts involve at least two tool
calls. Furthermore, we provide more implementa-
tion details in Section A. In the final evaluation, we
report four configurations for ablation: (1) Vanilla:
GRPO without advantage shaping. (2) w/ EAS:
GRPO with entropy-based shaping only. (3) w/
SAU: GRPO with selective upweighting only. (4)
DEEPPLANNER: GRPO with both entropy-based

Method # Samples # Rollouts

DeepResearcher 8,000 16
EvolveSearch-ite1 16,000 16
EvolveSearch-ite2 24,000 16
EvolveSearch-ite3 32,000 16
DEEPPLANNER 3,072 8

Table 2: Comparison of training sample size and rollout
configurations across different methods.

shaping and selective upweighting.

Baselines To evaluate the effectiveness of DEEP-
PLANNER, we compare against a series of base-
lines: (1) CoT Only (Wei et al., 2023): Chain-of-
Thought prompting without external retrieval. (2)
RAG (Gao et al., 2024): CoT with retrieved refer-
ence context for answer generation. (3) Search-
o1 (Li et al., 2025a): A training-free baseline
that sends search queries via APIs (e.g., Serper)
and browses the webpage for richer evidence. (5)
Search-r1 (base/instruct) (Jin et al., 2025): RL-
based framework trained with Wikipedia retrieval
at train and inference time, using Qwen2.5-7B-base
and Qwen2.5-7B-Instruct as the backbone mod-
els. (6) R1-Searcher (Song et al., 2025): Uses
Bing search and answers by summarizing the first
three result pages. (7) DeepResearcher (Zheng
et al., 2025): Open-web deep research with au-
tonomous URL selection rather than fixed top-3
webpage summarization. (8) EvolveSearch (Zhang
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et al., 2025): An RL–SFT loop using model-based
reward. After each RL round, it filters the top-
2,000 rollouts with the highest tool-call counts for
SFT, then continues to the next RL round (four RL
rounds and three SFT rounds in total).

4.2 Overall Performance
With fewer training samples and rollouts per sam-
ple, DEEPPLANNER achieves the best overall
MBE: 67.1 with 3,072 samples and 8 rollouts, sur-
passing EvolveSearch-ite3 trained on 32,000 sam-
ples and 16 rollouts (see Tables 1 and 2). This un-
derscores that scaling high-level planning quality,
rather than merely scaling data or rollouts, is criti-
cal for improving deep research performance. The
entropy of planning token declines over training
(Figure 3), reflecting growing plan confidence. The
ratio between the entropy-based shaping term and
original advantage (Figure 4) also drops, indicating
our shaping avoids over-encouraging confident to-
kens, preventing premature entropy collapse while
preserving exploration.

4.3 Detailed Analysis
Explicit planning matters. Analogous to how
CoT elicits multi-step reasoning, explicitly requir-
ing the agent to produce a global plan before acting
yields structured, verifiable strategies. Compared
with DeepResearcher∗ without explicit planning,
enforcing the <plan> stage improves MBE from
63.4 to 64.4, confirming that making intentions
explicit stabilizes long-horizon behavior.

Format accuracy first boosts performance, and
planning sustains gains. As illustrated in Fig-
ure 7, the reward climbs rapidly around step 15,
coinciding with a small entropy drop for tool-call
and answer tokens, as well as a shift in the roll-
out distribution across reward tiers (reward < 0.5
indicates format error). The early performance
surge is primarily due to better adherence to the
required output structure. However, planning to-
ken entropy remains comparatively high at that
point, and further reducing plan entropy correlates
with sustained performance gains, which DEEP-
PLANNER and Entropy Adv ablation achieve via
entropy-based advantage shaping.

Entropy-based shaping accelerates optimiza-
tion while avoiding over-encouragement. Our
entropy-based shaping amplifies learning signals
on uncertain planning tokens, accelerating the dis-
covery of effective strategies while clipping pre-
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Figure 5: The average number of tool calls between
different approaches in both the training and test sets.
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Figure 6: Distribution of planning tokens, with token
length above 300 not reported.

vents flipping strongly negative advantages. Fig-
ures 5 and 6 indicate that the model learns concise,
efficient plans under shaping. Unlike simply in-
creasing the learning rate, our method preserves
exploration and avoids entropy collapse (Figure 3),
preventing rigid, brittle behaviors.

Selective advantage upweighting encourages
prudence by increasing tool calls. Selective ad-
vantage upweighting approximates the benefits of
RL–SFT loops with minimal engineering effort.
Our selective mechanism encourages efficient, not
excessive, tool use. Figure 5 shows a measured
increase in tool calls where warranted, boosting in-
domain performance from 74.5 to 76.1 and improv-
ing total performance. SAU alone does increase
entropy (Figure 3), reflecting increased uncertainty
on harder problems and slower convergence. Nev-
ertheless, it improves out-of-domain generalization
(51.7 to 54.7), indicating robustness from targeted
practice on complex cases.

EAS + SAU: faster learning on complex roll-
outs with stable plan convergence. Combining
entropy-based shaping with selected rollouts fo-
cuses learning on the most impactful tokens within
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the most beneficial rollouts. The model simulta-
neously converges to reliable plans and learns to
exercise prudence by allocating more tool calls on
complex instances, yielding the best overall results
(total 67.1).

Case Study As shown in Figure 8, we remove the
explicit planning stage from DEEPPLANNER, re-
train under identical settings, and observe a typical
short-sighted failure. With planning, the agent pro-
poses a two-step plan (identify the father → find
his birthplace), makes two focused web_search
calls, cross-checks sources, and returns the cor-
rect answer. Without planning, it only plans the
first step, ignores global dependencies, mixes goals
with missing intermediates, drifts via name con-
catenation (e.g., to Evan O’Neill Kane), wastes
calls, and outputs the wrong answer, underscoring
why explicit planning stabilizes entity resolution.

5 Related Work

5.1 Deep Research Agents
Early prompt-based search agents rely on fixed
workflows to query and integrate external knowl-
edge. Systems such as OpenResearcher (Zheng
et al., 2024b), AirRAG (Feng et al., 2025), Iter-
DRAG (Yue et al., 2025), Search-o1 (Li et al.,
2025a), and Open Deep Search (Alzubi et al.,
2025) enhance search capabilities through care-
fully crafted prompts and interaction patterns, but
their hand-engineered designs limit adaptability
and generalization. To overcome these limits, SFT-
based approaches (Yu et al., 2024) learn more flex-
ible retrieval and synthesis policies. For exam-
ple, CoRAG (Wang et al., 2024) couples SFT with
MCTS to dynamically select document blocks un-
der budgets, trading off compute at planning time
and sensitivity to supervised signals. RL-based
methods utilize final outcome-supervised optimiza-
tion to train end-to-end research agents, pushing
the frontier of autonomous deep research capa-
bility, as demonstrated by ReSearch (Chen et al.,
2025), R1-Searcher (Song et al., 2025), Search-
R1 (Jin et al., 2025), WebRL (Qi et al., 2025),
WebThinker (Li et al., 2025b), WebAgent-RL (Wei
et al., 2025b), DeepResearcher (Zheng et al., 2025),
and EvolveSearch (Zhang et al., 2025). Across
these paradigms, planning is central: for com-
plex problems, task decomposition typically helps
LLMs execute more accurately and transparently.
Plan*RAG (Verma et al., 2025) employs a separate
model to produce an explicit plan and verifies its

gains for information retrieval. Cognitive Kernel-
Pro (Fang et al., 2025) introduces a planner that
maintains a structured to-do list and a completed
list, and DeepResearcher (Zheng et al., 2025) ob-
serves the emergence of planning ability during RL.
In this paper, we provide the first systematic analy-
sis of how planning influences RL-based deep re-
search agents and introduce an end-to-end method
that scales their planning abilities via advantage
shaping (Cheng et al., 2025).

5.2 Planning Capability of LLMs

The planning capability of LLMs (Wei et al.,
2025a) to decompose high-level goals into action-
able, temporally coordinated steps emerges as a
central component of agentic systems. Broadly,
existing approaches fall into two paradigms: (1)
prompting LLMs to produce plans directly, which
are then executed or lightly post-processed by
downstream systems (Wei et al., 2023; Wang et al.,
2023; Qin et al., 2023; Liang et al., 2023; Ahn
et al., 2022; Guo et al., 2023; Zheng et al., 2024a);
and (2) using LLMs to draft intermediate plans
that are subsequently verified, refined, or expanded
by symbolic planners, specialized agents, or ex-
ternal tools (Liu et al., 2023; Singh et al., 2022;
Yuan et al., 2023; Kambhampati et al., 2024; Li
et al., 2025c). In research-intensive, open-ended
settings, systems such as (OpenAI, 2025b; Fang
et al., 2025) exemplify the value of explicit plan-
ning by separating plan generation from action ex-
ecution, thereby enabling interpretable, verifiable,
and progress-tracking behaviors. To further explore
the planning ability in deep research agents, we pro-
vide a systematic, token-level entropy analysis that
reveals persistently high plan-stage entropy as a key
bottleneck, and introduce an advantage-shaping
method to concentrate learning on uncertain plan-
ning decisions and complex rollouts, thereby di-
rectly scaling the agent planning capacity.

6 Conclusion

In this paper, we identify persistently high entropy
in planning tokens of deep research agents, reveal-
ing untapped optimization potential. To address
this, we propose DEEPPLANNER with two advan-
tage shaping mechanisms: entropy-guided token-
level shaping that accelerates planning optimiza-
tion while preventing collapse, and selective up-
weighting that prioritizes complex, high-quality
rollouts. Our approach achieves state-of-the-art
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performance with lower training budgets, demon-
strating that targeted advantage shaping effectively
scales planning capability in deep research agents.

Limitations

First, due to the high cost of end-to-end RL
in deep research tasks, we cap DEEPPLANNER

and all ablations at 48 RL steps for fair com-
parison, requiring 24 hours on 8×A100 (80GB)
GPUs, around $50 in LLM API spend (mostly
webpage-browsing summaries) and $50 in Serper
API for web search. Planning-token entropy re-
mains relatively high, indicating headroom to fur-
ther scale exploration of planning capability. Sec-
ond, following EvolveSearch’s analysis of model-
based judgments, we do not independently eval-
uate the judge’s reliability, and we directly adopt
chatgpt-4o-latest as the evaluator for fair com-
parison with EvolveSearch (Zhang et al., 2025).
Finally, our method focuses on advantage shaping
without explicit plan-stage rewards. Alternative
approaches using fine-grained, multi-dimensional
process reward for planning (e.g., quality, feasibil-
ity, consistency, verifiability) represent a different
research direction deserving exploration.
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A Implementation Details

In this work, we implement DEEPPLANNER us-
ing Qwen2.5-7B-Instruct5 as the backbone model.
For agentic reinforcement learning, we adopt asyn-
chronous rollouts using agent_loop function6of
VERL (Seed, 2025). Table 3 summarizes the hyper-
parameters used for training, and these values were
maintained for all subsequent ablation experiments.

Table 3: Training configuration.

Parameter Value
Training batch size (global) 64
Concurrent rollouts 8
Training steps 48
EAS coefficient α 0.1
Clipping factor κ 2
SAU coefficient β 2
Complexity threshold c 2
KL loss coefficient 0
Entropy coefficient 0
Clip ratio ϵ 0.2
Top-k −1
Top-p 1
Temperature 1
Maximum context length 32,767

For DEEPPLANNER and its three variants
(Vanilla, EAS, and SAU only), we train via full-
parameter fine-tuning on a single node with 8
NVIDIA A100 (80GB) GPUs; each run completes
in approximately 24 hours. At evaluation time,
we set the decoding temperature to 0 to perform
deterministic greedy decoding.

B Details of DEEPPLANNER

B.1 Tool Schema

Figure 12 presents the YAML Tool Schema Con-
figuration employed by the DEEPPLANNER built
upon the VERL architecture for external function
calling. This configuration is essential for defining

5https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
6https://verl.readthedocs.io/en/latest/advance/agent_loop.

html
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Figure 7: The average rollout reward over steps, where a reward less than 0.5 indicates a format error.

the interface and capabilities of the tools available
to the agent.

B.2 System Prompt of DEEPPLANNER

As shown in Figure 9 and Figure 10, the prompt
equips the agent with web search and browsing
tools and mandates a structured workflow. Cru-
cially, the agent must begin by outputting a struc-
tured <plan></plan>. Subsequent steps require
strict adherence to defined output formats for tool
calls (<tool_call></tool_call>) and final an-
swers (<answer></answer>). In addition, the
agent retains flexibility by being allowed to re-
evaluate and update its plan based on new evidence
gathered during the research process.

B.3 Prompt of Evaluation

We employ a high-fidelity evaluation prompt to
assess the final answers of deep research agents, fo-
cusing on semantic correctness against established
ground truths. As detailed in Figure 11, the prompt
tasks a judge with comparing the agent’s predicted
answer to a list of acceptable ground truth answers.
The core evaluation criterion is semantic equiva-
lence, not direct lexical match. The evaluator is
mandated to provide a structured JSON output con-
taining a "rationale" and a binary "judgement"
("correct" or "incorrect"). This strict output
directly feeds into our performance metrics: a
"correct" judgment assigns a MBE score of 1,

while an "incorrect" judgment assigns an MBE
score of 0.

C Case Study

In detail, as shown in Figure 8, we remove the ex-
plicit planning stage from DeepPlanner (no longer
requiring first-round (<plan> . . . </plan>), keeping
only (<think> . . . </think>) and tool calls), retrain
under same training set, rollout number, GRPO
hyperparameters, and tool configurations, and se-
lect a representative failure caused by short-sighted
planning. As shown in the left side of the figure,
DeepPlanner first proposes a two-step plan: Step 1:
identify the writer Nicholas O’Neill’s father; Step 2:
query the father’s birthplace, then executes two tar-
geted web_search calls guided by sub_question
prompts and cross-checks Wikipedia and biogra-
phy pages, yielding the correct answer: Pawtucket,
Rhode Island, USA. In contrast, without an ex-
plicitly planning stage, the model only “plans” the
first step and fails to consider global dependencies,
mixing the end goal with missing intermediates: it
starts from the writer’s bio, triggers a brittle con-
ditional chain, commits name concatenation errors
(e.g., merging “Kane” with “O’Neill”), drifts to the
unrelated entity “Evan O’Neill Kane,” performs
redundant and ineffective web_search calls, and
outputs the wrong answer, Darby, Pennsylvania,
USA. This contrast shows that explicit planning
constrains the search space, stabilizes entity res-

7521



Question: What is the place of birth of Nicholas O'Neill (Writer)'s father?

DeepPlanner without Plan

<think>
To find the place of birth of Nicholas O'Neill's father, I need to first find out who his 
father is. Then, I will search for the place of birth of that person. Let's start by finding 
out who Nicholas O'Neill's father is.
</think>

<plan>
First, search for information about the father of Nicholas O'Neill.
Then, search for the place of birth of his father.
</plan>

<think>
To find out who Nicholas O'Neill's father is, I need to conduct a web search.
</think>

<tool_call>
{"name": "web_search", "arguments": {"query": ["Who is Nicholas O'Neill's father?" ]}}
</tool_call>

<tool_response>
[{"search_query": "Who is Nicholas O'Neill's father?", "web_page_info_list": [
{"title": "Remembering The Station Nightclub Fire, More Than A Decade Later", "url": 
"https://thepublicsradio.org/article/remembering-station-nightclub-fire-more-decade-
later/", "quick_summary": "Nick O'Neill's father, Dave Kane, said the longer it takes, 
the more likely for people will forget. “If you go down and visit the site, and ...", 
"browser": null, "sub_question": "Who is Nicholas O'Neill's father?"}
,... (other nine search results)]
</tool_response>

<think>
From the search results, we can see that Nicholas O'Neill's father is named Dave Kane. 
Now, I need to search for the place of birth of Dave Kane.
</think>

<tool_call>
{"name": "web_search", "arguments": {"query": ["Place of birth of Dave Kane"]}}
</tool_call>

<tool_response>
[{"search_query": "Place of birth of Dave Kane",
"web_page_info_list": [
{"title": "Dave Kane - Wikipedia", "url": "https://en.wikipedia.org/wiki/Dave_Kane", 
"quick_summary": "Kane was born in Pawtucket, Rhode Island and currently still 
makes his home in the Ocean State. Pawtucket, Rhode Island, U.S.", "browser": null, 
"sub_question": "Place of birth of Dave Kane"}, 
{"title": "Biography - Dave Kane", "url": 
"http://www.davekane.net/index.php?content=biography", "quick_summary": "Dave 
was born in Pawtucket, Rhode Island and currently still makes his home in the Ocean 
State.", "browser": null, "sub_question": "Place of birth of Dave Kane"}, ... other eight 
search results]
</tool_response>

<think>
Based on the search results, Dave Kane, the father of Nicholas O'Neill, was born in 
Pawtucket, Rhode Island, USA. Now I have the information to answer the question.
</think>

<answer>
Pawtucket, Rhode Island, USA
</answer>

<think>
To find the place of birth of Nicholas O'Neill's father, I need to first identify who 
Nicholas O'Neill's father is. I will start by searching online for information about 
Nicholas O'Neill and identifying his father.
</think>
<tool_call>
{"name": "web_search", "arguments": {"query": ["Nicholas O'Neill writer 
biography"]}}
</tool_call>
<tool_response>[...]</tool_response>

<think>
From the search result, the Wikipedia page and the Doollee.com page have the 
most relevant information. The Doollee.com page mentions that Nicholas O'Neill 
was the youngest of the 100 victims of the Station nightclub fire, which occurred in 
West Warwick, Rhode Island in February 2003. The Wikipedia page provides 
biographical information about Nicholas O'Neill, listing him as an American writer. 
However, it does not provide information about his father. I will search for the 
place of birth of Nicholas O'Neill to find more about his background.
</think>
<tool_call>
{"name": "web_search", "arguments": {"query": ["Nicholas O'Neill (writer) place of 
birth"]}}
</tool_call>
<tool_response>
[{"search_query": "Nicholas O'Neill (writer) place of birth", "web_page_info_list": [
{"title": "Nicholas O'Neill Obituary (2003) - Providence, RI - Legacy.com", "url": 
"https://www.legacy.com/us/obituaries/providence/name/nicholas-o-neill-
obituary?id=52156182", "quick_summary": "Nick was born in Warwick, a son of 
Joanne O'Neill of Pawtucket, formerly of Cranston, and Kane, of North Providence. 
He lived most of his ...", "browser": null, "sub_question": "Nicholas O'Neill (writer) 
place of birth"}]}]
</tool_response>

<think>
I found that Nicholas O'Neill was born in Warwick, Rhode Island, USA. The obituary 
on Legacy.com has also provided information about his father, Kane O'Neill. I will 
continue to search to find information about Kane O'Neill's place of birth.
</think>
<tool_call>
{"name": "web_search", "arguments": {"query": ["Kane O'Neill place of birth"]}}
</tool_call>
<tool_response>
[{"search_query": "Kane O'Neill place of birth", "web_page_info_list": [
{"title": "Evan O'Neill Kane - Wikipedia", "url": 
"https://en.wikipedia.org/wiki/Evan_O%27Neill_Kane", "quick_summary": "Evan 
O'Neill Kane ; (1861-04-06)April 6, 1861 · Darby, Pennsylvania, US · April 1, 
1932(1932-04-01) (aged 70). Kane, Pennsylvania, US · Jefferson Medical College.", 
"browser": null, "sub_question": "Kane O'Neill place of birth"}, {"title": "Kane 
O'Neill | Survivor Fanon Wiki - Fandom", "url": 
"https://survivorfanon.fandom.com/wiki/Kane_O%27Neill", "quick_summary": 
"Birth Date · Hometown · Occupation ; January 19, 1989 · Petersburg, VA · Personal 
Trainer ...", "browser": null, "sub_question": "Kane O'Neill place of birth"}]}]
</tool_response>

<think>
After searching further, I found that Kane O'Neill was born in Darby, Pennsylvania, 
which means he was born in the United States. However, we are looking for the 
place of birth of Nicholas O'Neill's father. I need to verify if Kane O'Neill is indeed 
the father of Nicholas O'Neill. The page from Doollee.com has mentioned that Kane 
O'Neill is the father of Nick O'Neill. Therefore, the place of birth of Nicholas 
O'Neill's father would be Darby, Pennsylvania, USA.
</think>
<answer>
Darby, Pennsylvania, USA
</answer>

Step-by-step plan

Step 1

Step 2

Short-sighted plan

Confusion of conditional

Incorrect name concatenation

Figure 8: In the case study, we remove the explicit planning stage from DEEPPLANNER and retrain the model under
the same conditions. The results reveal that without planning, the model fails to consider global dependencies,
leading to errors such as confusing forgotten conditions and drifting to unrelated entities. This highlights that
explicit planning is crucial for effective entity resolution and verification, as it prevents short-sighted behavior that
results in retrieval biases and incorrect answers.

olution, and clarifies verification. Without plan-
ning, short-sighted behavior accumulates linking
and retrieval biases, precisely the failure mode our
training addresses via entropy-shaped advantage on
uncertain planning tokens and selective upweight-
ing of high-quality, low-tool-call rollouts.
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DEEPPLANNER System Prompt

## Background Information
* Today is {current_date}
* You are Deep Research AI Assistant, an expert in conducting thorough, multi-step research.

The question I give you is a complex question that requires a deep research to answer.

To help you perform this task, you are equipped with two tools:
- A web search tool to help you perform google search.
- A webpage browsing tool to help you get new page content.

## Your Task
Do not answer the question immediately.
In the first step, you must output your plan inside <plan></plan> tags.
In later steps, you can use <tool_call></tool_call> to call tools or <answer></answer> to

provide your final answer.
You can also re-evaluate and update your plan during the later steps.

## Output Format
You must strictly follow one and only one of the three output formats below at each step:

<think>
Your thinking process here.
</think>
<plan>
Step-by-step research plan or re-plan. Each step should be concise and action-oriented.
</plan>

or

<think>
Your thinking process here.
</think>
<tool_call>
Tool call with correct format.
</tool_call>

or

<think>
Your thinking process here.
</think>
<answer>
Final answer only - a word, phrase, or number.
If it's a yes-or-no question, respond with only "yes" or "no"
No explanations or additional commentary.
</answer>

Figure 9: The system prompt used to instruct the agent for complex multi-step research tasks. The agent is required
to first provide its plan in the initial turn, and subsequently execute it strictly, including tool calls and the final
answer. The agent is also permitted to modify its plan based on the evidence gathered in previous steps.
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DEEPPLANNER System Prompt (Continue)

# Tools

You may call one or more functions to assist with the user query.

You are provided with function signatures within <tools></tools> XML tags:
<tools>
{"type": "function", "function": {"name": "web_search", "description": "Search the web for

relevant information from google. You should use this tool if the historical page content
is not enough to answer the question. Or last search result is not relevant to the
question.", "parameters": {"type": "object", "properties": {"query": {"type": "array", "
description": "The queries to search"}}, "required": ["query"]}}}

{"type": "function", "function": {"name": "browse_webpage", "description": "Browse the webpage
and return the content that not appeared in the conversation history. You should use
this tool if the last action is search and the search result maybe relevant to the
question.", "parameters": {"type": "object", "properties": {"url_list": {"type": "array",
"description": "The chosen urls from the search result."}}, "required": ["url_list"]}}}

</tools>

For each function call, return a json object with function name and arguments within <
tool_call></tool_call> XML tags:

<tool_call>
{"name": <function-name>, "arguments": <args-json-object>}
</tool_call>

Figure 10: The agent automatically appends the tool definitions (encased in <tools>...</tools>) to the base
instructions of the system prompt.

Prompt for Final Answer Evaluation

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:

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

Figure 11: The specialized prompt used to evaluate the final answer correctness of the deep research agent. When
the final judgment is correct, the corresponding MBE score is assigned a value of 1; otherwise, the MBE score is 0.
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DEEPPLANNER Tool Schema Yaml

tools:
- class_name: "user.tools.websearch_tool.WebSearchTool"
config:

type: native
tool_schema:

type: "function"
function:
name: "web_search"
description: "Search the web for relevant information from google. You should use this

tool if the historical page content is not enough to answer the question. Or last search
result is not relevant to the question."

parameters:
type: "object"
properties:

query:
type: "array"
items:

type: "string"
description: "The query to search, which helps answer the question"

description: "The queries to search"
required: ["query"]
minItems: 1
uniqueItems: true

- class_name: "user.tools.browse_tool.BrowseWebpageTool"
config:

type: native
tool_schema:

type: "function"
function:
name: "browse_webpage"
description: "Browse the webpage and return the content that not appeared in the

conversation history. You should use this tool if the last action is search and the
search result maybe relevant to the question."

parameters:
type: "object"
properties:

url_list:
type: "array"
items:

type: "string"
description: "The chosen url from the search result, do not use url that not

appeared in the search result"
description: "The chosen urls from the search result."

required: ["url_list"]

Figure 12: The YAML tool schema configuration used by DEEPPLANNER under the VERL architecture.
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