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Abstract

Recent work has shown that reinforcement
learning (RL) can train language models to
effectively use retrieval tools for multi-hop
question answering. However, existing ap-
proaches rely on implicit reasoning within free-
form chain-of-thought, leaving the model to
discover effective search strategies on its own.
We propose Plan/Search, which introduces ex-
plicit planning scaffolds—structured templates
that decompose reasoning into goal-setting,
progress tracking, and action planning—as an
on-demand action learned through RL. Our ap-
proach outperforms Search-R1 baselines across
four multi-hop QA benchmarks and demon-
strates strong zero-shot transfer to the GAIA
benchmark. Analysis of training dynamics re-
veals that models learn qualitatively different
strategies: Plan/Search develops “short and
frequent” interactions that track explicit sub-
goals and enable course correction through en-
vironmental feedback, while Search-R1 favors
longer, monolithic reasoning chains that risk
error compounding by filling knowledge gaps
through internal inference.Ablations show that
explicit progress tracking is the most critical
component, and that on-demand invocation out-
performs mandatory structure. Our findings
suggest that structured scaffolds act as an in-
ductive bias that shapes how models learn to
coordinate reasoning with external tools.

1 Introduction

Recent work has demonstrated that training lan-
guage models with outcome-based rewards on
free-form reasoning traces achieves remarkable
performance on mathematical and coding bench-
marks (OpenAl et al., 2024; Guo et al., 2025).
Subsequent work has extended this paradigm to
retrieval-augmented settings (Jin et al., 2025; Song
et al., 2025), where models interleave reasoning
with search actions. However, whether the same
free-form reasoning approach remains equally ef-
fective when coordinating with external tools is less

clear: unlike self-contained math problems, multi-
hop retrieval requires tracking partial progress
across multiple search steps and distinguishing be-
tween different types of relationships (e.g., PhD
advisor vs. postdoc mentor, as illustrated in Fig-
ure 1).

We hypothesize that the intermediate thinking
channel in tool-augmented reasoning serves a dif-
ferent role than in pure reasoning tasks. In mathe-
matical problem-solving, extended thinking helps
explore solution paths; in retrieval settings, the an-
swer cannot be derived through reasoning alone,
but must be gathered through interactions with ex-
ternal tools. This suggests a different strategy may
be optimal: rather than thinking longer, models
should perhaps think shorter and interact more of-
ten. This motivates our central question:

Research Question. In retrieval-augmented
reasoning, where knowledge must be gath-
ered rather than derived, can structured scaf-
folds shift models toward shorter reasoning
and more frequent tool engagement?

To test this hypothesis, we propose Plan/Search,
an RL training framework that introduces struc-
tured planning as an explicit, on-demand ac-
tion. Rather than letting models reason freely be-
tween searches, Plan/Search constrains intermedi-
ate thinking to three fields: (i) Goal (the current
sub-question), (ii) Status (established facts and re-
maining gaps), and (iii) Next-step (the intended
next action). This lightweight scaffold encourages
focused, incremental progress rather than extended
internal deliberation. Figure 1 illustrates how ex-
plicit status tracking prevents cascading errors by
distinguishing resolved sub-goals from open ques-
tions. Crucially, planning is on-demand: the policy
learns when structured thinking is useful rather
than following a mandatory template.



What university did the PhD advisor of the ACL 2026 General Chair receive his bachelor's degree from?

Search-R1 (reproduce)

False bridge from free-form reasoning:
postdoc mentor = PhD advisor.
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Figure 1: Comparison of Search-R1 and Plan/Search on a 3-hop question. Without explicit status tracking,
Search-R1 conflates a postdoc mentor with a PhD advisor, leading to cascading errors. Plan/Search maintains
structured state (Goal/Status/Next-step) that tracks resolved and pending sub-goals, preventing such confusions.

Our experiments reveal a surprising asymme-
try between prompting and training. Enforc-
ing the same scaffold at inference time degrades
performance—even for frontier models like GPT-
5.1 (Table 4). Yet when learned through RL, the
scaffold improves performance across four multi-
hop QA benchmarks (Table 1) and transfers zero-
shot to GAIA despite a shift from retrieval APIs to
web browsing. This suggests that explicit structure
functions not as a prompting trick, but as an induc-
tive bias that shapes how models learn to coordinate
reasoning with external tools.

Analysis of training dynamics (Figure 2) reveals
that Plan/Search and Search-R1 converge to quali-
tatively different strategies. Plan/Search develops
iterative, focused retrieval patterns (more turns,
fewer tokens per turn), while Search-R1 favors
longer, monolithic reasoning chains (fewer turns,
more tokens per turn). Ablations identify two key
factors: (i) explicit progress tracking via the Status
field yields the largest component contribution (Ta-
ble 2), and (ii) on-demand invocation outperforms
both mandatory structure and free-form thinking
(Table 3), indicating that agency over when to think
is itself a learnable skill.

Contributions.

¢ We introduce Plan/Search, which treats struc-

tured planning (Goal/Status/Next-step) as an
on-demand action learned through RL. The
scaffold provides an effective training signal
while requiring no additional supervision be-
yond outcome-based rewards.

* We show that structured scaffolds lead to
qualitatively different reasoning strategies:
Plan/Search learns “short and frequent” inter-
actions that enable error correction through en-
vironmental feedback, while free-form think-
ing develops longer chains prone to error com-
pounding.

* We demonstrate strong out-of-domain gener-
alization, including zero-shot transfer from
HotpotQA to GAIA despite a shift from re-
trieval APIs to web browsing, suggesting that
learned planning skills generalize beyond the
training distribution and tool interface.

2 Related Work

Interleaved Reasoning and Action via Prompt-
ing. A line of work treats tool use as an inference-
time prompting problem. ReAct (Yao et al., 2023b)
interleaves reasoning traces with environment ac-
tions to improve robustness in QA and interactive
tasks. Self-Ask (Press et al., 2022) decomposes



In-domain Out-of-domain
Category Method HotpotQA'  2wiki* Musique* Bamboogle*

Direct Reasoning (No Retrieval)

Qwen3-8B (Thinking) 23.0 28.5 6.4 37.6
Pipeline-based Retrieval (No Training)

Qwen3-8B + Naive RAG 36.4 32.0 13.4 40.0

Qwen3-1.7B + Plan/Search (Prompting) 18.6 20.4 6.8 20.8

Qwen3-4B + Plan/Search (Prompting) 23.9 18.2 10.1 36.8
RL-trained Retrieval

Qwen2.5-3B-Instruct (Search-R1) 324 31.9 10.3 26.4

Qwen3-1.7B (Search-R1) 32.8 33.0 10.5 31.2

Qwen3-1.7B + Plan/Search (Ours) 34.6 37.5 13.1 32.8

Qwen3-4B (Search-R1) 447 49.2 21.4 48.0

Qwen3-4B + Plan/Search (Ours) 46.5 49.6 21.1 49.6

Table 1: Main results. We compare three paradigms: direct reasoning, pipeline-based retrieval, and RL-trained
retrieval. Within the RL-trained category, our Plan/Search approach consistently outperforms the Search-R1 baseline.
Highlighting indicates best result within each model size. T / * represents in-domain/out-of-domain datasets.

complex questions into follow-up queries that can
be executed by a search engine. IRCoT (Trivedi
et al., 2023) explicitly interleaves retrieval with
stepwise chain-of-thought for multi-hop QA. These
methods demonstrate the value of interleaving rea-
soning with action, but primarily impose structure
at inference time, leaving open how such structures
should be learned.

Structured Prompting for Reasoning. Prior
work injects inductive biases into chain-of-thought
via decomposition (Wang et al., 2023; Zhou et al.,
2022; Press et al., 2022), structured representa-
tions (Chen et al., 2022), or explicit search struc-
tures (Yao et al., 2023a; Besta et al., 2024). More
recently, structured “thinking tools” have shown
promise in agentic settings.! However, these ap-
proaches rely on prompting; whether such struc-
tures remain beneficial when learned through RL
has received less attention.

RL for Retrieval-Augmented Reasoning.
Search-R1 (Jin et al., 2025) pioneered applying
outcome-based RL to train models that interleave
free-form thinking with search actions. Subsequent
work has scaled this paradigm along various axes:
data and model size (Chen et al., 2025; Song et al.,
2025), web browsing interfaces (Li et al., 2025b;
Zheng et al., 2025; Wu et al., 2025), and multi-turn

1https://www. anthropic.com/engineering/
claude-think-tool reports improvements on Tau-
bench (Yao et al., 2024) using a think tool, though without
systematic ablation of the tool’s arguments.

interactions (Team et al., 2025; Li et al., 2025a).
These efforts primarily retain free-form thinking
as the intermediate representation, focusing on
scaling rather than the structure of thinking itself.

What Should Be in the Thinking? While most
RL-for-search work treats thinking as an uncon-
strained text channel, recent analysis suggests this
may be suboptimal. Wang et al. (2025) show that
only a minority of “high-entropy” tokens drive ef-
fective RL for reasoning, raising questions about
the efficiency of long free-form traces. For self-
contained tasks like mathematics, extended explo-
ration may be necessary; for tool-augmented set-
tings, thinking must additionally maintain state
across interleaved tool calls—tracking what has
been retrieved and what remains. Our work inves-
tigates whether replacing free-form thinking with
structured, on-demand planning can provide a bet-
ter learning signal for retrieval-augmented reason-
ing.

3 Method

3.1 Overview

Plan/Search replaces free-form intermediate rea-
soning with structured, on-demand thinking. The
policy can invoke an optional THINK action that
emits Goal, Status, and Next-step fields, external-
izing the agent’s intermediate state for subsequent
decisions.

Figure 1 illustrates why this matters: without
explicit status tracking, Search-R1 conflates a post-
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Method HotpotQA A

Full Plan/Search 34.6 -
w/o goal 32.1 -7.2%
w/o status 29.5 -14.7%
w/o next-step 30.2 -12.7%

Search-R1 (no scaffold) 32.8 -5.2%

Table 2: Component ablation on Qwen3-1.7B. We
evaluate the contribution of each scaffold component.
A indicates relative change from the full model. Remov-
ing status causes the largest drop, suggesting progress
tracking is critical for coherent multi-hop reasoning.

doc mentor with a PhD advisor, leading to cascad-
ing errors. Plan/Search maintains a running record
of resolved sub-goals (e.g., “GC = Philipp Koehn
v'”), preventing such confusions across multi-hop
reasoning chains.

3.2 Problem Formulation

We formulate multi-hop question answering with
tool use as a sequential decision process. Given a
question x and a retrieval tool R, the agent interacts
for multiple steps to produce a final answer g.

At step ¢, the agent observes a state s; consisting
of the original question and the history of actions
and tool observations:

St = (x7 A<ty 0<t)7

where a.; are previous actions and o.; are re-
trieved passages returned by the tool. The agent
selects an action

a; € {SEARCH(q), PLAN(g, s,n), ANSWER(9)}.

SEARCH(q) queries the retriever and returns pas-
sages o < R(q). ANSWER(y) terminates the
episode. PLAN(g,s,n) is an internal action that
appends a structured planning record to the context
without accessing external information.

We use an outcome-based terminal reward:

r=EM(7,y),

where EM is exact match and y is the ground-truth
answer.

3.3 Plan/Search: On-demand Structured
Planning

The core design of Plan/Search is to expose
planning as an explicit action that produces a
lightweight scaffold. When the agent invokes
PLAN, it outputs three fields:

* Goal (g;): the current sub-question or informa-
tion need.

« Status (s”'™): a brief summary of established
evidence and remaining gaps.

* Next-step (n;): the next intended action (e.g., a
search query or answering).

We denote the resulting planning record as

[
Dt = (gt7 35 ana nt)v

which is appended to the context and becomes part
of the next state. Crucially, planning is optional:
the agent may call PLAN only when it finds explicit
planning useful. This “on-demand” design lets the
policy learn when to externalize its intermediate
state, rather than forcing a fixed template at every
step. As illustrated in Figure 1, the scaffold serves
as a compact interface that connects observations
(retrieved passages) to subsequent actions.

3.4 Training (Standard GRPO)

We adopt GRPO as in Cui et al. (2025) for all meth-
ods. For each training instance, we sample a group
of G rollouts, compute terminal rewards, normal-
ize rewards within the group to form group-relative
advantages, and apply a clipped policy update with
KL regularization to a fixed reference policy. Full
training details and hyperparameters are provided
in Appendix A.

4 Experiments

4.1 Experimental Setup

Datasets. We train exclusively on HotpotQA
(Yang et al., 2018) and evaluate on three out-of-
domain benchmarks: 2WikiMultiHopQA (Ho et al.,
2020), MuSiQue (Trivedi et al., 2022), and Bam-
boogle (Press et al., 2023). For zero-shot trans-
fer evaluation, we use 103 text-only samples from
the GAIA benchmark (Mialon et al., 2023), which
requires web browsing rather than retrieval APIs.
This setup tests whether learned retrieval strate-
gies generalize beyond the training distribution and
tool interface. Details on the tool configuration are
provided in Appendix C.

Models. We experiment with Qwen3-1.7B,
Qwen3-4B-Instruct.

Baselines. We compare against: (1) direct rea-
soning without retrieval, (2) pipeline-based re-
trieval including naive RAG and prompting-based
Plan/Search, and (3) RL-trained retrieval including
Search-R1 (Jin et al., 2025).



Evaluation. We report exact match accuracy fol-
lowing standard practice.

Training budget. Due to compute constraints,
we train for 60 optimization steps (early stopping)
rather than completing a full pass over the training
set. With a prompt batch size of 512 and G = 12
rollouts per prompt, this corresponds to 30,720
training prompts in total.

Retrieval System. For HotpotQA training and
multi-hop QA evaluation, we use dense retrieval
over the Wikipedia corpus. We use E5-base-v2
(Wang et al., 2022) as the retrieval encoder with
FAISS (Douze et al., 2024) for efficient similarity
search on GPU. The corpus and pre-built index
are from PeterJinGo/wiki-18-e5-index.?> Each
search query returns the top-3 passages.

5 Results and Analysis

5.1 Structured Thinking Improves Multi-hop
Retrieval

Table 1 presents our main results across three
paradigms: direct reasoning, pipeline-based re-
trieval, and RL-trained retrieval.

RL-trained retrieval outperforms alternatives.
Direct reasoning with Qwen3-8B achieves only
23.0% on HotpotQA, while even naive RAG im-
proves this to 36.4%, demonstrating the neces-
sity of external knowledge for multi-hop QA. RL-
trained approaches substantially outperform both,
with our Plan/Search achieving 46.5% on Qwen3-
4B.

Plan/Search consistently outperforms Search-
R1. Within the RL-trained category, Plan/Search
outperforms Search-R1 across model sizes. The
improvements are particularly notable on out-of-
domain benchmarks: +4.5%p on 2WikiMulti-
HopQA and +2.6%p on MuSiQue for Qwen3-1.7B.
This suggests that explicit planning improves gen-
eralization beyond the training distribution.

Learned retrieval compensates for model scale.
The 4B RL-trained model (46.5%) substan-
tially outperforms the 8B direct reasoning model
(23.0%), demonstrating that effective retrieval
strategies can compensate for limited model ca-
pacity.

2h'ctps ://huggingface.co/PeterJinGo/
wiki-18-e5-index

Method Structure Invocation  HotpotQA
Plan/Search (Ours)  Structured On-demand 34.6
Forced structure Structured  Every step 26.9
Search-R1 Free-form  Every step 32.8

Table 3: Structure vs. Agency ablation on Qwen3-
1.7B. Forcing structured thinking at every step (26.9%)
performs worse than free-form thinking (32.8%). How-
ever, making structured thinking an optional tool call
(34.6%) outperforms both.

5.2 Scaffolds Require Training to Be
Beneficial

A striking finding is that the same scaffold that
helps during RL training Aurts performance when
used only at inference time.

Prompting-based scaffolds degrade perfor-
mance. Pipeline-based Plan/Search with prompt-
ing (23.9%) performs worse than direct reasoning
(23.0%) for Qwen3-4B (Table 1). This suggests
that explicit scaffolds impose cognitive overhead
that untrained models cannot effectively manage.

Frontier models also struggle with structured
tools. Table 4 reveals that this pattern extends to
much larger models. GPT-5.1 with a structured
thinking tool (26.2%) performs dramatically worse
than GPT-5.1 with free-form web search (54.4%)—
a drop of 28 percentage points. Similarly, Claude
Sonnet 4.5 drops from 52.4% to 33.9% (-18.5%p)
when given a thinking tool. This model-agnostic
pattern confirms that structured scaffolds are not in-
herently beneficial; they require training to become
effective.

RL bridges the gap. Our RL-trained 4B model
(25.2% on GAIA) achieves comparable perfor-
mance to the untrained GPT-5.1 with thinking tool
(26.2%), despite the massive scale difference. This
demonstrates that RL training transforms a harmful
scaffold into an effective reasoning tool.

5.3 What Makes the Scaffold Work?

We conduct ablation studies to identify which as-
pects of Plan/Search drive improvements.

Status tracking is critical. Table 2 shows the
contribution of each scaffold component. Remov-
ing Status causes the largest drop (-14.7%), fol-
lowed by Next-step (-12.7%) and Goal (-7.2%).
This suggests that explicit progress tracking—
maintaining a record of what has been established
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Plan/Search vs Search-R1 (4B): Rewards, Length, Entropy, Turns, and Ratios
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Figure 2: Training dynamics comparison between Plan/Search and Search-R1. Both methods achieve similar
final rewards, but exhibit distinct behavioral patterns throughout training.

and what remains unknown—is the most critical
component for coherent multi-hop reasoning.

Components work synergistically. Intriguingly,
partial scaffold removal (e.g., w/o Status: 29.5%)
performs worse than complete removal (Search-R1:
32.8%). This indicates that the scaffold compo-
nents work synergistically; an incomplete scaffold
may provide conflicting signals that hurt more than
having no structure at all.

On-demand invocation outperforms mandatory
structure. Table 3 disentangles the effect of struc-
ture from the effect of treating thinking as an ac-
tion. Forced structure at every step (26.9%) per-
forms substantially worse than free-form thinking
(32.8%), suggesting that mandatory planning im-
poses overhead that outweighs its benefits. How-
ever, when the model can choose when to invoke
structured thinking (34.6%), it outperforms both
alternatives.

Thinking as action. This finding reframes our
contribution: Plan/Search succeeds not because it
adds structure, but because it treats structured think-
ing as an action in the model’s action space. The
model learns when explicit planning is beneficial
(e.g., after ambiguous retrieval results) versus when
it would be redundant overhead. This “thinking as
action” paradigm enables flexible deployment of
cognitive resources rather than rigid patterns.

Tokens per Turn: Plan/Search vs Search-R1 (4B)
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Figure 3: Tokens per turn comparison. Plan/Search
generates fewer tokens per turn than Search-R1, despite
using more turns overall. This suggests Plan/Search
learns a more focused, iterative strategy.

5.4 Structured Thinking Changes Learning
Dynamics

Beyond final accuracy, Plan/Search and Search-R1
converge to qualitatively different problem-solving
strategies during training (Figure 2).

Iterative vs. monolithic strategies. Plan/Search
learns to use substantially more turns (increasing



from 4 to 9 throughout training), while Search-
R1 remains relatively stable (2 to 4 turns). Con-
versely, Search-R1 generates more tokens per turn
(400—920) compared to Plan/Search (350—660).
This reveals fundamentally different strategies:
Search-R1 attempts to solve problems in fewer,
longer reasoning chains, whereas Plan/Search de-
composes problems into multiple focused interac-
tions.

Shift from search-heavy to think-heavy behavior.
The thinking ratio in Plan/Search steadily increases
from 0.53 to 0.61 over training, while the search
ratio decreases from 0.47 to 0.38. This suggests
the model learns to allocate more computation to
planning and becomes more selective in retrieval,
rather than searching indiscriminately.

Why Plan/Search may generalize better. Fig-
ure 1 illustrates how these different strategies lead
to different failure modes. When search results
lack the desired information (e.g., PhD advisor is
not directly stated), Search-R1’s long free-form
reasoning attempts to fill the gap using internal
knowledge—in this case, inferring that a postdoc
mentor might also be the PhD advisor. Such com-
monsense inferences, while plausible, are often
incorrect and cause errors to compound through
subsequent searches (searching for the wrong per-
son’s bachelor’s degree). In contrast, Plan/Search’s
“short and frequent” strategy maintains explicit sub-
goals in the Status field and interacts with the envi-
ronment more frequently, allowing the model to de-
tect and correct errors before they propagate. This
may explain why Plan/Search shows stronger out-
of-domain generalization: rather than relying on
potentially unreliable internal knowledge to bridge
information gaps, it decomposes the problem into
verifiable retrieval steps.

5.5 Transfer Beyond Training Domain

To test whether learned planning skills generalize
beyond multi-hop QA, we evaluate on GAIA with-
out any task-specific training (Table 4).

Planning skills transfer to new tasks. The RL-
trained Plan/Search model achieves 25.2% aver-
age accuracy on GAIA, a 4.3 improvement over
Qwen3-4B direct reasoning (5.8%). The largest
gains appear on Level 2 questions (1.9% — 26.8%),
which require multi-step reasoning.

Transfer despite tool interface shift. Notably,
GAIA uses web browsing rather than the retrieval

API used during training. The fact that Plan/Search
still improves suggests that what transfers is not a
dataset-specific heuristic, but a higher-level strat-
egy: decomposing complex information needs and
tracking progress across multiple interactions.

6 Discussion

Takeaway 1. Free-form reasoning excels
when answers can be derived internally;
structured scaffolds excel when answers
must be gathered through interaction.

Takeaway 2. Frequent environment interac-
tion reduces error compounding by enabling
course correction before mistakes propagate.

Takeaway 3. The benefit of structure comes
from learned, on-demand deployment, not
from imposing structure itself.

When to Think Long vs. Interact Often. Our
results suggest that the optimal reasoning strat-
egy depends on where knowledge resides. For
reasoning-intensive tasks like mathematics and cod-
ing, extended internal deliberation helps explore
solution paths. For retrieval-augmented reasoning
and agentic tasks like GAIA, knowledge must be
gathered from the environment rather than derived
internally. In such settings, shorter reasoning and
more frequent tool engagement prove more effec-
tive (Table 1, Table 4). Plan/Search operationalizes
this insight by encouraging incremental verification
through environmental feedback.

Why Frequent Interaction Helps. Training dy-
namics reveal that Plan/Search and Search-Rl1
converge to qualitatively different strategies. As
shown in Figure 2, Plan/Search learns to use sub-
stantially more turns (4—9) while Search-R1 re-
mains stable (2—4). Conversely, Figure 3 shows
that Plan/Search generates fewer tokens per turn
(350—660) compared to Search-R1 (400—920).
This “short and frequent” pattern allows models
to verify partial progress and correct errors be-
fore they compound. In contrast, Search-R1’s
longer reasoning chains attempt to fill knowledge
gaps through internal inference, risking cascading
failures when early retrievals are ambiguous (Fig-
ure 1).

Thinking as Action. The ablation in Table 3 re-
veals that the benefit of Plan/Search comes not
from structure itself, but from treating structured



GAIA (text-only, 103 samples)

Method Level1 Level2 Level3 Average
Direct Reasoning (No Retrieval)

Qwen3-4B-Instruct 12.8 1.9 0.0 5.8

Claude Sonnet 4.5 28.2 22.6 9.1 23.3

GPT-5.1 30.8 22.6 9.1 24.3
Pipeline-based Retrieval (No RL Training)

Claude Sonnet 4.5 + Search 61.5 50.9 27.3 52.4

GPT-5.1 + Web Search 66.7 49.1 36.4 54.4

Claude Sonnet 4.5 + Thinking Tool 43.6 28.3 27.3 33.9 (-18.5)

GPT-5.1 + Thinking Tool 30.8 26.4 9.1 26.2 (-28.2)
RL-trained Retrieval (HotpotQA only)

Qwen3-4B (Search-R1) 20.5 20.8 9.1 19.4

Qwen3-4B + Plan/Search (Ours) 28.2 26.8 9.1 25.2 (+5.8)

Table 4: Zero-shot generalization on GAIA text-only benchmark. Adding a structured thinking tool without
RL training hurts performance for both Claude Sonnet 4.5 and GPT-5.1 (-18.5 and -28.2 points respectively). This
model-agnostic pattern confirms that structured scaffolds require training to be beneficial. Our RL-trained 4B model
(25.2%) approaches the performance of untrained frontier models with thinking tools.

thinking as an optional action. Forcing structure at
every step (26.9%) performs worse than free-form
thinking (32.8%), suggesting that mandatory scaf-
folds impose overhead that outweighs their benefits.
However, when models can choose when to invoke
explicit planning (34.6%), they learn to deploy this
cognitive tool strategically. This finding extends to
frontier models: even GPT-4.1 suffers a 28-point
drop when given a structured thinking tool with-
out training (Table 4), confirming that on-demand
deployment requires learning.

7 Conclusion

We investigated whether the free-form reasoning
paradigm that excels at reasoning-intensive tasks
like mathematics also applies to agentic settings
where knowledge must be gathered from external
tools. Our findings suggest it does not: for retrieval-
augmented reasoning, models benefit more from
short, frequent interactions with the environment
than from extended internal deliberation.
Plan/Search operationalizes this insight through
a lightweight scaffold (Goal/Status/Next-step) that
encourages incremental progress over monolithic
reasoning. Crucially, this behavioral shift emerges
from RL with only exact-match rewards, requir-
ing no reward engineering. The resulting strategy
reduces error compounding by verifying progress
through environmental feedback rather than filling
knowledge gaps through internal inference.

Our results point to a broader principle: the op-

timal reasoning structure may depend on where
knowledge resides. When answers must be de-
rived, thinking longer helps; when answers must be
gathered, interacting more often may be the better
strategy.

Limitations

Scale. Our experiments are limited to models up
to 4B parameters. It remains unclear whether ex-
plicit scaffolds provide benefits at larger scales,
where models may have sufficient capacity to dis-
cover effective strategies without structural guid-
ance.

Scaffold Design. We explored one specific scaf-
fold design (goal/status/next-step). Other decom-
positions may be more effective, and the optimal
scaffold may depend on the task domain.

Potential risks. As a tool-augmented method,
our approach may inherit risks from the underlying
retrieval/browsing tools, such as surfacing incorrect
or biased information. We do not introduce new
user-facing data collection or deployment compo-
nents beyond standard benchmark evaluation.
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A Training and Implementation Details

We train both Qwen3-1.7B and Qwen3-4B mod-
els using identical hyperparameters and training
procedures. All experiments are conducted using
the VERL framework (Sheng et al., 2024) with
GRPO advantage estimation. We did not perform
an extensive hyperparameter sweep; most hyperpa-
rameters follow Cui et al. (2025) with small pilot
adjustments.

Infrastructure. All RL training runs were exe-
cuted on a single node with 8x NVIDIA H100
GPUs. Rollouts were generated using sglang with
multi-turn tool interactions enabled.

Addressing entropy collapse with KL-Cov.
During RL training, policy entropy tends to col-
lapse rapidly, leading to overconfident predictions
and performance saturation (Cui et al., 2025). To
mitigate this issue, we adopt the KLL-Cov method
proposed by Cui et al. (2025), which selectively
applies KL penalty to tokens exhibiting high co-
variance between advantage and log-probability.
Specifically, for tokens where this covariance is
largest, the gradient update is regularized via a
KL divergence term against the reference policy.
This approach maintains higher entropy throughout
training while preserving stable learning dynamics.
Key parameters include:

* loss_mode=kl_cov: Enables the KL-Cov loss
computation instead of standard PPO loss.

* kl_cov_ratio=0.002: The fraction of tokens
(top 0.2%) with highest covariance that receive
KL regularization.

e ppo_kl_coef=1.0: The coefficient for the KL
penalty term applied to high-covariance tokens.

PPO clipping. We use asymmetric clipping
bounds for the importance sampling ratio in the
policy gradient loss:

e clip_ratio_low=0.2: Lower bound, i.e.,

max(ry, 1 — €1ow) Where €y = 0.2.

e clip_ratio_high=0.2: Upper bound, i.e.,
min(ry, 1 + enign) Where €pjgh = 0.2.

Following  standard  practice, we  dis-
able KL penalty in the reward function
(use_kl_in_reward=False) and do not apply a
separate actor-side KL loss (use_k1l_loss=False),
relying solely on the KL-Cov mechanism for
regularization.

Setting Value

Models Qwen3-1.7B, Qwen3-4B
Hardware 8x NVIDIA H100 (single node)
Framework VERL + GRPO + sglang
Steps 60

Train batch size 512

Rollouts per prompt (G) 12

Max assistant turns 60

Max prompt / response length 4,096 / 28,672

Learning rate 5x107°

Warmup ratio 0.285

Loss aggregation token-mean
clip_ratio_low/high 0.2/0.2

loss_mode kl_cov

kl_cov_ratio 0.002

ppo_kl_coef 1.0
KL in reward False

Table 5: Key hyperparameters for GRPO training with
KL-Cov regularization, applied to both Qwen3-1.7B
and Qwen3-4B.

Rollout and optimization. We sample G=12
rollouts per prompt and use token-mean loss ag-
gregation. The learning rate is set to 5 x 107°
with a warmup ratio of 0.285. Due to compute
constraints, we run RL for 60 optimization steps
(early stopping) rather than completing a full pass
over the training set. We use a prompt batch size
of 512. Hyperparameters were selected via limited
pilot runs rather than an extensive sweep; the final
values are reported in Table 5.

B Qualitative Analysis Case Study

We present a detailed case study comparing
the baseline Search-R1 against our proposed
Plan/Search method on a challenging task from
the GAIA benchmark. This example demonstrates
how explicit planning scaffolds enable the model
to handle precise information retrieval tasks where
unstructured reasoning fails.

A paper about Al regulation that was originally sub-
mitted to arXiv.org in June 2022 shows a figure with
three axes, where each axis has a label word at both
ends. Which of these words is used to describe a type
of society in a Physics and Society article submitted
to arXiv.org on August 11, 2016?




Search-R1 (Baseline)

Plan/Search (Ours)

The model struggles with unguided exploration and

eventually hallucinates an incorrect answer.

Our model uses explicit goal/status/next-step scaffold

to formulate precise queries.

4D Think

Okay, let’s figure this out. Key points: 1) A 2022 arXiv
paper with three axes. 2) Answer describes a society type
from a 2016 Physics and Society article.

Let me search for the 2016 paper...

Q Tool Call

search {query:
2016-08-11"}

"arXiv Physics and Society

£ Output
Title: Exa Search... Total of 1162 entries... (truncated)

€D Think

Search result doesn’t give the title directly. Let me open
the link...

Z Tool Call
open {id: 0}

£ Output
Title: Physics Aug 2016... viewing lines [4-243] of 343...

€D Think

Entry [286] “Choosing Collaboration Partners...” has
Physics and Society subject. That’s a clue!

In absence of full text, I'll guess. A 2016 paper might
discuss “complex societies”... Another possibility is “sus-
tainable”...

I think the answer is “sustainable”.

© Answer: sustainable
Model hallucinates without finding the actual paper.

12

‘. Think [Structured]

Goal: Identify word describing a society type from Aug
11, 2016 article.

Status: Need to find the specific article...

Next: Search for Physics and Society article.

Q Tool Call

search {query: "Physics and Society article
arXiv August 11 2016"}

S Output
[0] Exa Search: Physics and Society article arXiv August
11 20... (truncated)

R Tool Call
select {target: "1"}

S Output
Title: [1608.03637] Phase transition from egalitarian to

hierarchical societies...
URL: arxiv.org/abs/1608.03637

€D Think (Stuctured]

Goal: Identify the word...

Status: Found article mentioning ‘egalitarian’ and ‘hier-
archical’ societies.

Next: Search for Al regulation paper from June 2022...

Q Tool Call

search {query: "AI regulation arXiv June 2022
figure three axes"}

A Error
HTTP 403 Failed to fetch...

‘. Think [Structured]

Goal: Verify the answer...

Status: Cannot access Al paper, but found ‘egalitarian’
in Physics article title.

Next: Conclude with ‘egalitarian’.

@ Answer: egalitarian

Structured planning finds correct paper and extracts answer.




C Tool Configurations

C.1 HotpotQA Training Environment

During training on HotpotQA, models have access
to a single retrieval tool:

search(query: string) — List[Passage]

Retrieve relevant passages from the corpus.

C.2 GAIA Evaluation Environment

For GAIA evaluation, models use a web browsing
interface with five tools:

search
query: string
search query
topn: int

max number of results (default: 10)

open

id: int | string

link ID or URL to open
cursor: int

cursor position in history
loc: int

line number to start from
num_lines: int

number of lines to display

find
pattern: string
text pattern to search for
cursor: int

cursor position in history

select
target: int | string
link ID or label substring
cursor: int
cursor position in history
loc: int
line number to start from
num_lines: int

number of lines to display
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