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Abstract

Search agents extend Large Language Mod-
els (LLMs) beyond static parametric knowl-
edge by enabling access to up-to-date and long-
tail information unavailable during pretrain-
ing. While reinforcement learning has been
widely adopted for training such agents, ex-
isting approaches face key limitations: pro-
cess supervision often suffers from unstable
value estimation, whereas outcome supervi-
sion struggles with credit assignment due to
sparse, trajectory-level rewards. To bridge this
gap, we propose Contribution-Weighted GRPO
(CW-GRPO), a framework that integrates pro-
cess supervision into group relative policy op-
timization. Instead of directly optimizing pro-
cess rewards, CW-GRPO employs an LLM
judge to assess the retrieval utility and rea-
soning correctness at each search round, pro-
ducing per-round contribution weights. These
weights are used to rescale outcome-based ad-
vantages along the trajectory, enabling fine-
grained credit assignment without sacrificing
optimization stability. Experiments on mul-
tiple knowledge-intensive benchmarks show
that CW-GRPO outperforms standard GRPO
by 5.0% on Qwen3-8B and 6.3% on Qwen3-
1.7B, leading to more effective search behav-
iors. Additional analysis reveals that successful
trajectories exhibit concentrated contributions
in specific rounds, providing empirical insight
into search agent tasks. Our code is available
at https://github.com/zsxmwjz/CW-GRPO.

1 Introduction

Search agents empower large language models
(LLMs) to move beyond fixed parametric knowl-
edge by providing access to real-time information
and specialized facts absent from pre-training (Li
et al., 2025a; Zhang et al., 2025a). Through itera-
tive retrieval of external evidence and integration
into the reasoning process, search agents ground

*Equal contribution.
†Corresponding authors.

EM = 1
Contribution
Estimation

Advantage
Computation

EM = 0

- 1.0

EM = 1

- 1.0

- 1.0

- 1.0

1.0

1.0

1.0

1.0

EM = 0

- 1.0 1.0

Unhelpful
Search

Faulty
Reasoning

- 1.0

EM = 1

- 1.0

- 1.0

- 1.0

0.0

2.0

0.0

2.0

EM = 0

- 1.0 1.0

Advantage
Reallocation

Figure 1: CW-GRPO assesses the quality of each search
round within successful trajectories and to concentrate
the learning advantage on high-quality search rounds,
thereby enabling round-level credit assignment.

model predictions in verifiable sources and substan-
tially enhance the factual reliability of LLM-based
systems (Zhao et al., 2026; Li et al., 2025b; Zhou
et al., 2024; Wang et al., 2025a). Consequently,
they have become a key role in enabling LLMs
to perform knowledge-intensive and fact-sensitive
tasks (Glass et al., 2022; Sawarkar et al., 2024).

While reinforcement learning (RL) offers a sig-
nificant paradigm for training such agents, current
RL approaches suffer from fundamental limitations
(Jin et al., 2025a). Depending on the level of su-
pervision, they can be broadly categorized into pro-
cess supervision and outcome supervision (Uesato
et al., 2022). Process supervision (Lightman et al.,
2023; Zhu et al., 2025; Wang et al., 2025b) assigns
round-level rewards and is commonly optimized
with actor–critic methods such as Proximal Policy
Optimization (Schulman et al., 2017), but learning
reliable critics over diverse intermediate states is
unstable and frequently leads to biased advantages
and brittle training (Liu et al., 2024; Kazemnejad
et al., 2025). Outcome supervision, by contrast,
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Figure 2: CW-GRPO employs an LLM judge to assess both the retrieval utility and the reasoning correctness at each
individual search round. Based on these two signals, it computes a contribution factor for every search round, which
is subsequently applied to the original advantage obtained from group-relative comparisons, thereby producing the
final round advantage. As a result, training signals from highly contributive rounds are amplified, while those from
low-contribution rounds are attenuated.

relies solely on final answer correctness, which
makes it difficult to attribute task success to individ-
ual search rounds, leading to a credit assignment
problem and obscuring the uneven contributions
of intermediate decisions. Recent advances, such
as Group Relative Policy Optimization (Shao et al.,
2024), improve training stability and memory effi-
ciency, making outcome-supervised optimization
more practical; however, they (Jin et al., 2025b;
Wang et al., 2025a) do not alter the sparsity of
the reward signal, and the credit assignment issue
remains unresolved.

To address the aforementioned challenges, we
propose Contribution-Weighted GRPO (CW-
GRPO), which reformulates process supervision
as a problem of modulating outcome-derived ad-
vantages, rather than directly optimizing process re-
wards. Specifically, CW-GRPO retains the stability
of the standard GRPO by computing outcome ad-
vantages through group-relative comparisons. We
use an LLM judge to assess each search round
based on retrieval utility and reasoning correctness.
These metrics are synthesized into a contribution
weight, which serves as a scaling factor to redis-
tribute the outcome advantage across the trajectory.
By avoiding direct comparison of process rewards,
CW-GRPO incorporates process supervision into
the GRPO framework, amplifying learning signals
for informative rounds while suppressing those for
redundant or unproductive ones, as illustrated in
Figure 1.

Empirical results across multiple knowledge-
intensive benchmarks demonstrate that CW-GRPO

consistently outperforms both outcome-supervised
and process-supervised baselines, enabling more ef-
fective search behaviors. Specifically, CW-GRPO
achieves significant performance gains over stan-
dard GRPO, with relative improvements of 5.0%
on Qwen3-8B and 6.3% on Qwen3-1.7B. The con-
tributions of this work are summarized as follows:

• A Reframing of Process Supervision: We intro-
duce a new perspective that treats process super-
vision for search agents as advantage reallocation
guided by round contribution, rather than explicit
process reward estimation.

• Contribution-Weighted GRPO: We propose a
new optimization framework that brings process-
level credit assignment into GRPO without re-
quiring unstable value functions.

• Empirical Characterization of Search Contri-
bution: We provide empirical evidence showing
a structural characteristic in search agent tasks:
the contribution to task success is highly con-
centrated in informative rounds rather than being
uniformly distributed.

2 Related Work

Agentic Search. Large language models encode
knowledge in static parameters, limiting access
to up-to-date and long-tail knowledge. Retrieval-
augmented generation (RAG) addresses this by
enabling models to access external knowledge
sources (Zhang et al., 2026; Zhao et al., 2026;
Li et al., 2025b; Zhou et al., 2024). Pioneering
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retrieval-augmented reasoning works such as IR-
CoT (Trivedi et al., 2023) and FLARE (Jiang et al.,
2023) use prompts to guide iterative reasoning and
reduce model uncertainty, and Self-RAG (Asai
et al., 2024) adopts supervised fine-tuning with
reflection tokens for adaptive retrieval. More re-
cently, agentic search enables LLMs to interact
with real-world search engines for dynamic infor-
mation access. WebGPT (Nakano et al., 2022)
pioneers this direction using RLHF. Search-o1 (Li
et al., 2025a) integrates agentic search into large
reasoning models via prompting, while Search-R1
(Jin et al., 2025b), R1-Searcher (Song et al., 2025)
and MM-Doc-R1 (Lin et al., 2026) adopt RL for
end-to-end training with outcome-based rewards.
However, outcome supervision assigns uniform
credit across search rounds, failing to distinguish
pivotal searches from redundant ones.

Outcome Supervision and Process Supervision.
A key challenge in training search agents lies in
credit assignment across multi-round search tra-
jectories. Outcome supervision, widely adopted
in RL methods like PPO (Schulman et al., 2017)
and GRPO (Shao et al., 2024), assigns rewards
only based on the final answer, treating all imme-
diate rounds equally and ignoring their unequal
contributions. Process supervision addresses this
via round-level feedback for finer-grained credit as-
signment. Early approaches to process supervision
rely on learned Process Reward Models (PRMs),
but often suffer from costly round-level annota-
tion requirements and limited out-of-domain gen-
eralizability (Lightman et al., 2023; Huang et al.,
2025). To avoid training explicit reward models,
recent works increasingly leverage frozen LLMs as
external evaluators to assess intermediate rounds.
These methods use LLM-based judges to assess
reasoning quality and then assign round-level re-
wards, enabling process supervision without train-
ing dedicated PRMs (Zhang et al., 2025b). These
approaches typically optimize judge-produced sig-
nals directly as rewards, making them sensitive to
evaluation noise and calibration errors. In contrast,
CW-GRPO uses LLM-derived signals only to redis-
tribute outcome-based advantages, avoiding direct
optimization over noisy intermediate rewards and
thereby enabling more stable training.

3 Contribution-Weighted GRPO

As motivated in Section 1, current search agents
suffer from the credit assignment problem where

sparse outcome rewards cannot distinguish be-
tween pivotal and redundant search rounds. To
address this, we propose Contribution-Weighted
Group Relative Policy Optimization (CW-GRPO).
Unlike traditional process supervision that requires
learning a fallible critic, CW-GRPO reframes
process-level signals as dynamic scaling factors
that redistribute trajectory-level advantages. The
overall framework and its core mechanism of
round-level credit assignment are presented in Fig-
ure 2.

3.1 Task Formulation

We consider a search agent policy πθ tasked with
answering a question q. The agent interacts with an
environment (search engine) through a trajectory τ
of T rounds:

τ =
(
(s1, a1), (s2, a2), . . . , (sT , aT )

)
, (1)

where for each round t < T , the action at consists
of a reasoning chain followed by an invocation
of the search tool. The environment then returns
retrieved documents to form the state st+1. The
last action aT is the final answer.

Training proceeds in groups. For each question,
we sample a group of G trajectories {τi}Gi=1 un-
der the current policy. Each trajectory τi receives a
scalar outcome reward Ri based on the exact match
(EM) of its final answer. As in GRPO, these out-
come rewards are only used for relative comparison
within the group.

3.2 Outcome-Level Advantage

Following the GRPO framework, we first establish
a baseline for performance by comparing trajecto-
ries within the same group. This avoids the need
for a value-function critic. For each trajectory τi,
we compute a normalized outcome advantage:

AO
i =

Ri − mean{Ri}|Gi=1

std{Ri}|Gi=1

. (2)

While AO
i effectively identifies which trajectories

are better than others, it remains temporally coarse,
assigning the same credit to every search round
within a successful trajectory, regardless of whether
a specific round was informative or distracting.

3.3 Round-Level Contribution Estimation

The effectiveness of CW-GRPO fundamentally
depends on accurately identifying pivotal rounds
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within a search trajectory. Accordingly, we decom-
pose the quality of each round into two orthogo-
nal binary signals: retrieval utility and reasoning
correctness. Crucially, we adopt a conjunctive
formulation, under which a round is considered
contributive only if it satisfies both criteria, namely
retrieving novel, task-relevant evidence and main-
taining logically consistent reasoning. This design
reflects an inherent structural property of multi-
round search: effective task solving requires not
only the acquisition of useful information but also
its correct interpretation in context. Retrieval with-
out sound reasoning may lead to incorrect interpre-
tation or misuse of useful evidence; conversely, cor-
rect reasoning without informative retrieval fails to
make meaningful progress toward solving the task.
The conjunctive gating mechanism thus serves as
a conservative filter, isolating rounds whose con-
tributions are causally aligned with task success,
thereby providing a low-noise and more reliable
signal for advantage reallocation.

3.3.1 Signal Definition and Rubrics
To ensure the robustness of the LLM-derived sig-
nals, we employ a rubric-based assessment where
an LLM judge is guided by a set of predefined cri-
teria. For each search round t < Ti in trajectory
τi, the values of the two signals are determined as
follows:

• Retrieval utility uti ∈ {0, 1}: This signal
assesses the information gained from external
sources. A round is assigned uti = 1 only if the
retrieved documents contain novel, task-relevant
evidence that was not present in the context of
previous rounds. This prevents the agent from
being rewarded for redundant or circular retrieval
queries.

• Reasoning correctness vti ∈ {0, 1}: This signal
estimates the internal consistency of the agent. A
round is assigned vti = 1 if the reasoning chain
correctly interprets the current context and main-
tains a logical path toward the final answer. This
ensures that the agent is not getting the right an-
swer for the wrong reasons.

The conjunctive contribution signal is defined
as the logical product pti = uti · vti . By enforcing
a binary bottleneck, we apply a discrete gate to
each search round: it either contributes a necessary
building block to the solution or it does not.

3.3.2 Judge Calibration and Reliability
To ensure that the LLM judge aligns with expert
intuition, we conducted a rigorous calibration pro-
cess. We manually annotated a subset of trajecto-
ries (comprising 97 distinct search rounds) to serve
as a gold standard.

The rubrics were iteratively refined to minimize
ambiguity. In our final setup, the LLM judge
achieved a 95% consensus rate with human ex-
pert annotations on both retrieval utility and rea-
soning correctness. This high agreement provides a
reliable basis for advantage redistribution, ensuring
policy gradients are guided by high-fidelity process
signals. Additional calibration details are deferred
to Appendix B.

3.4 Adaptive Weighting Mechanism
We then convert these raw signals into a normal-
ized contribution weight cti. Importantly, we treat
successful and failed trajectories differently, as a
robustness-oriented design.

For successful trajectories (Ri = 1), rounds
that introduce new task-relevant evidence and
maintain logically consistent reasoning are typi-
cally associated with the final successful outcome.
A temperature-controlled softmax is therefore
adopted to emphasize high-contribution rounds:

cti =
exp

(
αpti

)
∑Ti−1

t′=1 exp
(
αpt

′
i

) , t < Ti, if Ri = 1, (3)

where α is a hyperparameter controlling the "sharp-
ness" of the redistribution. A higher α forces the
model to learn primarily from the most pivotal
rounds.

For failed trajectories (Ri = 0), round-level
attribution is substantially more ambiguous. Many
intermediate rounds exhibit reasonable behavior,
such as attempting to retrieve missing evidence or
issuing follow-up queries for verification. However,
these rounds may still fail to obtain useful informa-
tion because the required knowledge is not covered
by the corpus or cannot be retrieved due to limi-
tations of the retriever. In such cases, the failure
cannot be readily attributed to identifiable errors
in the agent’s decisions at specific rounds. As a
result, assigning differentiated weights based on
round-level signals is unreliable and can introduce
spurious supervision. A more detailed analysis of
such failure patterns is provided in Appendix A. To
mitigate this issue, we assign a uniform contribu-
tion across all rounds:

cti =
1

Ti − 1
, t < Ti, if Ri = 0. (4)
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This design preserves the stability of outcome-
based learning while avoiding noisy round-
level credit assignment under ambiguous attribu-
tion. Failed trajectories are still utilized through
outcome-level comparison, and credit redistribu-
tion is applied only when attribution is reliable.
By construction,

∑Ti−1
t=1 cti = 1.

3.5 Advantage Reallocation and Optimization
The core of CW-GRPO is the reallocated advantage
At

i. For all search rounds t < Ti of trajectory τi,
we scale the outcome advantage by the normalized
contribution. And for the final answer round t = Ti,
we directly use the outcome advantage:

At
i = AO

i · cti · (Ti − 1), if t < Ti; ATi
i = AO

i . (5)

The scaling factor (Ti−1) ensures the magnitude of
the total learning signal for the trajectory remains
conserved, i.e.,

1

(Ti − 1)

Ti−1∑

t=1

At
i = AO

i . (6)

Finally, we optimize the policy using the clipped
surrogate objective:

L(θ) = −E
[
min

(
rA, clip(r, 1− ϵ, 1 + ϵ)A

)]
, (7)

where ϵ is a hyper-parameter for clipping, r =
πθ(a|s)

πθold
(a|s) = exp(log πθ − log πθold) is the impor-

tance sampling ratio.
In summary, CW-GRPO achieves a seamless in-

tegration of process supervision into the GRPO
framework. Our method achieves effective credit
assignment across iterative search rounds by real-
locating trajectory-level advantages based on each
round’s contribution, rather than estimating abso-
lute intermediate rewards. This design preserves
the training stability of group-relative optimization
while ensuring the policy learns more effectively
from the specific decisions that drive task success.

4 Setup

4.1 Datasets and Evaluation Metrics
We evaluate our method on two categories
of knowledge-intensive tasks: (1) General
Question Answering: Natural Questions (NQ)
(Kwiatkowski et al., 2019), TriviaQA (Joshi et al.,
2017), and PopQA (Mallen et al., 2023). (2) Multi-
Hop Question Answering: HotpotQA (Yang
et al., 2018), 2WikiMultiHopQA (Ho et al., 2020),
Musique (Trivedi et al., 2022), and Bamboogle

(Press et al., 2023). We merge the training sets of
NQ and HotpotQA as the training data. To mitigate
the impact of decoding variance, we use Avg@4
Exact Match (EM) as the evaluation metric, aver-
aging the EM scores over four sampled responses
per task.

Hard-Case Evaluation Set. In standard settings,
models often bypass external search by leverag-
ing internal parametric knowledge, which obscures
their true agentic search proficiency. In light of
this, we adopt a more challenging protocol using
AgentGym-SearchQA-test, a 400-sample test set
from AgentGym-RL (Xi et al., 2025). These sam-
ples are specifically filtered from cases where the
Qwen2.5-72B-Instruct (Team, 2024) model failed,
representing the "hardest" distribution for current
LLMs. This setup shifts the focus from simple
parametric recall to complex information-seeking
and reasoning capabilities, explicitly emphasizing
whether agents retrieve and utilize external evi-
dence rather than relying on parametric knowledge.

Strict Retrieval Constraint. To further empha-
size the model’s search agentic capabilities, we
include a specific instruction in the system prompt:
the model is prohibited from using any parametric
knowledge beyond basic common sense.

4.2 Baselines

We compare our approach against two categories of
search agents: (1) Outcome-Supervised Methods:
Search-R1-PPO and Search-R1-GRPO (Jin et al.,
2025b), which optimize the final answer via PPO
and GRPO respectively. (2) Process-Supervised
Methods: R3-RAG (Li et al., 2025c) and MT-PPO
(Wei et al., 2025), which utilize explicit process
rewards and PPO frameworks.

We also include results from state-of-the-art
closed-source models (GPT-5.1 (Singh et al., 2025),
Gemini-3-Pro-Preview (Google, 2025), Qwen3-
Max (Team, 2025a)) as strong upper-bound ref-
erences, alongside powerful open-source mod-
els (DeepSeek-V3.2 (DeepSeek-AI et al., 2025),
Qwen3-32B (Team, 2025b)) for comparison.

Note on Comparison: Because of the uniquely
challenging test set and the strict use of a no-
parametric-knowledge prompt, the baseline per-
formance reported in this paper differs from that
reported in the original publications.
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Method General QA Multi-Hop QA Overall
NQ† TriviaQA* PopQA* HotpotQA† 2wiki* Musique* Bamboogle*

Proprietary Models
GPT-5.1 31.0 60.0 38.5 36.0 43.5 13.8 39.0 34.44
Gemini-3-Pro-Preview 31.0 66.0 32.5 42.0 38.5 14.0 42.0 35.00
Qwen3-Max 31.5 62.5 30.5 39.5 49.0 18.5 42.5 36.56

Open-sourced Models
DeepSeek-V3.2-Thinking 24.5 47.0 22.0 30.0 24.0 12.3 29.5 25.19
Qwen3-32B 20.5 53.0 22.0 28.0 33.5 8.5 30.0 25.50

Qwen3-1.7B 13.5 34.5 18.0 11.0 6.0 2.5 4.5 11.56
Search-R1-PPO 19.5 50.5 25.0 25.5 24.0 5.0 14.0 21.06
Search-R1-GRPO 18.0 45.5 25.0 27.0 22.5 6.8 16.5 21.00
R3-RAG 20.0 47.5 25.5 22.0 18.5 5.3 13.5 19.69
MT-PPO 22.5 49.0 25.0 24.0 31.5 6.0 13.5 22.19
CW-GRPO 22.0 47.5 25.0 24.0 28.5 7.0 17.5 22.31

Qwen3-8B 23.5 53.5 22.5 27.5 27.0 10.0 30.0 25.50
Search-R1-PPO 29.5 57.0 27.5 33.5 36.0 12.3 33.5 30.19
Search-R1-GRPO 33.5 57.0 26.0 33.5 32.5 12.5 31.5 29.88
R3-RAG 26.5 57.5 26.0 32.0 32.0 11.3 33.5 28.75
MT-PPO 25.5 56.5 26.0 32.0 37.0 12.5 31.5 29.19
CW-GRPO 35.5 57.5 28.5 33.5 33.0 13.0 37.0 31.38

Table 1: Avg@4 Exact Match on seven subsets of AgentGym-SearchQA-test. † / * indicate in-domain and out-of-
domain datasets. CW-GRPO achieves the best performance among methods built on the same backbone.

4.3 Implementation Details

We use Qwen3-8B and Qwen3-1.7B (Team, 2025b)
as base models due to their tool-calling capabilities.
Training is conducted using the veRL (Sheng et al.,
2024) framework. The maximum context length
is set to 9192 tokens, with up to 10 interaction
rounds. We employ SGLang (Zheng et al., 2024)
as the inference engine for rollout, setting both
temperature and top_p to 1.0.

Retrieval Infrastructure. We use the wiki-18-
corpus dataset released by Search-R1 (Jin et al.,
2025b), derived from the 2018 Wikipedia dump,
as the knowledge source, and E5-base-v2 (Wang
et al., 2022) as the retriever, with the number of
retrieved documents k set to 3.

Training Hyperparameters. For all RL-based
experiments, we use a KL-divergence regulariza-
tion coefficient β = 0.001 and a clipping ratio
ϵ = 0.2. Specifically, for our proposed CW-GRPO,
we apply GPT-oss-120B (Agarwal et al., 2025) as
the judge model and set α = ∞. This configuration
ensures that for trajectories resulting in task suc-
cess, the learning signals during search iterations
are exclusively concentrated on those rounds where
the conjunctive contribution signal is 1. Other spe-
cific parameters are detailed in Table 2. The hyper-

parameter differences between GRPO-based and
PPO-based methods stem from their distinct algo-
rithmic characteristics (intra-group relative compar-
isons vs. independent trajectory optimization), and
we ensure fairness by normalizing the total number
of sampled trajectories per training step.

Parameter GRPO
/ CW-GRPO

PPO-based
(Actor)

PPO-based
(Critic)

Learning Rate 1× 10−6 1× 10−6 1× 10−5

Warmup Ratio 0.285 0.285 0.015
Training Steps 200 200 200
Batch Size 32 128 128
Group Size 4 1 1
GAE γ/λ - 1.0/1.0 1.0/1.0

Table 2: Detailed training hyperparameters of CW-
GRPO and baselines.

5 Experimental Results

5.1 Main Results

Table 1 presents the main experimental results on
hard knowledge-intensive QA benchmarks under
no-parametric-knowledge constraints.

Overall Performance. Our experimental results
demonstrate the robust superiority of CW-GRPO,
which consistently achieves state-of-the-art perfor-
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α
General QA Multi-Hop QA Overall

NQ TriviaQA PopQA HotpotQA 2wiki Musique Bamboogle

0 33.5 57.0 26.0 33.5 32.5 12.5 31.5 29.88
1 27.0 58.0 28.0 32.5 35.0 12.8 31.5 29.69
3 33.0 58.5 31.0 29.5 36.0 13.0 31.0 30.63
5 27.0 58.5 27.0 35.0 39.0 12.0 33.5 30.50
∞ 35.5 57.5 28.5 33.5 33.0 13.0 37.0 31.38

Table 3: Effect of the sharpness parameter α on search agent performance. Larger α value generally yields better
overall accuracy, indicating that concentrating learning signals on high-contribution search rounds is beneficial.

mance across both model scales, outperforming all
outcome- and process-supervised baselines built on
the identical backbone. On Qwen3-8B, CW-GRPO
achieves an overall score of 31.38, representing a
5.0% relative improvement over Search-R1-GRPO
(29.88). On Qwen3-1.7B, CW-GRPO improves
the overall performance from 21.00 to 22.31, cor-
responding to a 6.3% relative gain. These results
indicate that CW-GRPO scales favorably across
model sizes and is particularly effective in low-
capacity regimes, where efficient credit assignment
during search is critical.

Comparison with Open- and Closed-Source
Models. With Qwen3-8B as the backbone, CW-
GRPO surpasses all evaluated open-source models,
including DeepSeek-V3.2-Thinking and Qwen3-
32B, despite operating under a stricter evaluation
setting. However, a clear performance gap remains
between CW-GRPO and large closed-source mod-
els such as GPT-5.1, Gemini-3-Pro-Preview, and
Qwen3-Max, suggesting that stronger base models
and proprietary training data still provide advan-
tages under this challenging hard-case distribution.

General QA vs. Multi-Hop QA. CW-GRPO
demonstrates consistent improvements on both
General QA and Multi-Hop QA tasks compared to
outcome-supervised and process-supervised base-
lines. On Multi-Hop QA, CW-GRPO yields the
most pronounced gains. On both Qwen3-1.7B
and Qwen3-8B, it improves performance on 2Wiki-
MultiHopQA, Musique, and Bamboogle simultane-
ously, indicating stronger long-horizon reasoning
and evidence aggregation. On General QA, CW-
GRPO remains competitive across datasets. While
it achieves the best overall General QA perfor-
mance on Qwen3-8B, its improvement on Qwen3-
1.7B is smaller than that of MT-PPO. This suggests
that for simpler single-hop questions, dense pro-

cess supervision can still be effective for very small
models, whereas CW-GRPO shows clearer advan-
tages as reasoning depth increases.

Summary. Overall, these results demonstrate
that CW-GRPO provides a robust and scalable
improvement over existing outcome- and process-
supervised search agents, particularly for multi-hop
reasoning under strict retrieval constraints. The
consistent gains across model sizes highlight the
effectiveness of contribution-weighted optimiza-
tion in guiding search behavior, even in extremely
challenging evaluation settings.

5.2 Sharpness of Advantage Reallocation

Based on Qwen3-8B, we analyze the effect of the
sharpness parameter α, which controls how out-
come advantages are redistributed across search
rounds based on their estimated contributions. Set-
ting α = 0 yields uniform weighting over the
search rounds and reduces the method to stan-
dard GRPO, whereas α = ∞ corresponds to CW-
GRPO, where the advantage is fully concentrated
on rounds with both retrieval utility and correct
reasoning.

As shown in Table 3, increasing α generally
leads to improved overall performance, with the
best overall result achieved at α = ∞. This trend
suggests that, in successful search trajectories, the
contribution to task success is highly uneven across
rounds. Rather than accumulating gradually, ef-
fective progress is driven by high-quality search
rounds that exhibit retrieval utility and correct rea-
soning. For search agent tasks, effective credit as-
signment requires acknowledging this highly con-
centrated contribution structure.

5.3 Supervision Decomposition

We ablate the two supervision signals in CW-
GRPO by separately removing retrieval utility or
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Method General QA Multi-Hop QA Overall
NQ TriviaQA PopQA HotpotQA 2wiki Musique Bamboogle

CW-GRPO 35.5 57.5 28.5 33.5 33.0 13.0 37.0 31.38
wo-retrieval 27.0 53.5 26.0 31.0 37.5 12.0 34.5 29.19
wo-reasoning 23.5 55.5 31.0 34.0 28.5 12.3 31.5 28.56

Table 4: Ablation on contribution supervision in CW-GRPO. We remove supervision on retrieval utility (wo-
retrieval) or reasoning correctness (wo-reasoning), allowing a search round to contribute if only one condition is
satisfied. Dropping either signal leads to inferior performance compared to full CW-GRPO, demonstrating that both
are necessary for effective credit assignment in search agents.

Figure 3: Training curves of CW-GRPO on Qwen3-8B. We report the exponential moving averages of Exact Match,
retrieval utility, and reasoning correctness over training steps.

reasoning correctness supervision while keeping
all other components unchanged.

According to Table 4, removing either signal
consistently degrades performance across both
single-hop and multi-hop QA tasks, suggesting that
neither signal alone is sufficient for reliable credit
assignment during search.

Without retrieval utility supervision, rounds with
coherent but evidence-unhelpful reasoning can re-
ceive positive credit. Without reasoning correct-
ness supervision, rounds can be assigned positive
contribution weights for retrieving relevant docu-
ments even when the agent misinterprets existing
evidence, weakening the link between evidence ac-
quisition and correct reasoning. In either setting,
contribution weights may be assigned to rounds
that do not make a substantive contribution to task
completion, introducing noise into advantage real-
location and harming overall performance.

These results highlight the necessity of joint su-
pervision: effective search requires both acquiring
novel information and correctly reasoning over it,
as neither component alone is sufficient to achieve
strong overall performance.

5.4 Training Dynamics

As shown in Figure 3, the optimization remains sta-
ble across training, with no signs of collapse. The
Exact Match score steadily improves, accompanied
by consistent upward trends in both retrieval utility

and reasoning correctness, indicating progressive
improvement in the agent’s search behavior. These
results show that CW-GRPO achieves stable opti-
mization while improving both final accuracy and
the quality of the search process.

We further analyze the effect of the conjunc-
tive gate mechanism during training. Among all
search rounds in successful trajectories, approxi-
mately 13.84% (2.2k out of 15.8k) are assigned
zero contribution, indicating that the gate meaning-
fully reshapes the distribution of learning signals
rather than acting as a near-identity transformation.

5.5 Case Study

Figure 4 compares the search trajectories of Qwen3-
8B before and after CW-GRPO training on a factual
question regarding John I. Jenkins’s tenure start.
The untrained model issues only a single query and
fails to distinguish between the election year and
the actual commencement of his term, leading to an
incorrect answer based on this temporal confusion.

In contrast, the CW-GRPO-trained model adopts
a qualitatively different strategy by issuing multiple
parallel queries in the first round. This expanded
search coverage allows the agent to recall a broader
set of documents, including explicit evidence that
Jenkins’s term began in 2005. This case illus-
trates that CW-GRPO not only improves retrieval
utility through parallelization but also strengthens
the agent’s resistance to distracting evidence. By
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Question: When did the president of Notre Dame in 2012 begin his tenure?

Ground Truth: 2005

Before CW-GRPO Training

Agent:
Think: I need to find the president of Notre Dame in 2012 and when
their tenure started.
Search: Who was the president of Notre Dame in 2012?

Knowledge Base:
- Doc 1: John I. Jenkins was chosen as president-elect on April 30,
2004, and reelected in 2015.
- Doc 2: The President is the head of the institution and …
- Doc 3: The President is the chief administrator and …

Round 𝟏
After CW-GRPO Training

Agent:
Think: I will generate parallel queries to cover the specific name and
the timeline of the presidency simultaneously.
Parallel Search:
Query 1: Who was the president of Notre Dame in 2012?
Query 2: Notre Dame university president 2012 name

Knowledge Base:
- Doc 1: John I. Jenkins was chosen as president-elect on April 30,
2004, and reelected in 2015.
- Doc 2 - 5: ……（Irrelevant Documents）
- Doc 6: Fr. John I. Jenkins is the current president, whose term
started in 2005.

Round 𝟏

Agent:
Think: Doc 1 says Jenkins was elected in 2004, but lacks a specific 
start date, so I will infer it began in 2004.
Final Answer: 2004

Round 𝟐
Agent:
Think: Doc 6 explicitly states that Fr. John I. Jenkins's term started 
in 2005.
Final Answer: 2005

Round 𝟐

Wrong Answer Correct Answer

Figure 4: Case study of CW-GRPO on Qwen3-8B.

learning to prioritize direct answer-bearing evi-
dence over superficially relevant but misleading sig-
nals, the model achieves more robust and grounded
search-based decision making.

6 Discussion: Generalization Across
Tasks and Models

CW-GRPO is motivated by the general principle
of redistributing outcome-derived advantages ac-
cording to round-level contribution estimates. This
principle is broadly applicable beyond the specific
experimental settings considered in this work.

Task generalization. CW-GRPO can be applied
to multi-round agentic tasks where the contribu-
tions of intermediate rounds can be reasonably es-
timated. In long-horizon decision-making environ-
ments(e.g., Webshop (Yao et al., 2022)), individual
actions should correspond to incremental progress
toward latent subgoals. This enables a judge to
assess state improvements at each round and facili-
tates round-level credit assignment.

The framework also extends to single-round
but structurally decomposable reasoning tasks.
In settings such as mathematical reasoning(e.g.,
MATH (Hendrycks et al., 2021)), model outputs
typically consist of multi-step derivations. When
a trajectory fails, the error can often be localized
to specific steps; these steps can then be assigned
higher responsibility for failure, enabling a CW-
GRPO variant based on step-level attribution.

However, CW-GRPO is less suitable for tasks

where process contribution is ill-defined or inher-
ently unstable. This includes highly subjective
generation tasks (e.g., open-ended creative writ-
ing) and perceptual generation tasks (e.g., image
synthesis), where holistic judgments dominate and
assigning reliable credit to intermediate steps via
low-variance signals is challenging.

Model generalization. CW-GRPO is model-
agnostic and does not rely on a specific backbone
architecture. Nevertheless, stronger base models
tend to be more sensitive to the accuracy of round-
level supervision, placing higher demands on the
quality of the judge or rubric design, which may
limit the practical gains of the method.

7 Conclusion

In this work, we propose CW-GRPO, which real-
locates outcome advantages according to round-
level contribution rather than explicit process re-
wards to tackle the credit assignment challenge in
training LLM-based search agents. CW-GRPO re-
tains GRPO’s stability while enabling fine-grained
credit assignment along search rounds. Our eval-
uations show that CW-GRPO consistently outper-
forms baselines, and task success is closely associ-
ated with the high-quality rounds, highlighting the
importance of modeling contribution concentration
in search trajectories. Overall, CW-GRPO offers
a simple and effective way to incorporate process-
level insights into outcome-supervised training for
scalable agentic systems.

31712



Limitations

Despite the advances demonstrated by CW-GRPO
in alleviating credit assignment under outcome su-
pervision, several limitations remain.

First, CW-GRPO reallocates advantages only for
successful trajectories. For failed trajectories, it
does not perform fine-grained credit assignment,
as attributing task failure to specific search rounds
remains challenging. Consequently, CW-GRPO
lacks explicit modeling of which intermediate de-
cisions contribute to failure, leaving failure cases
underutilized for process-aware learning.

Second, CW-GRPO adopts a conjunctive gating
mechanism for modeling round-level contributions,
which improves robustness to judging noise but
limits the expressiveness of contribution represen-
tation. In addition, the framework operates at the
round level and does not naturally extend to token-
level supervision, making finer-grained credit as-
signment beyond rounds difficult to incorporate.

Finally, CW-GRPO relies on an external LLM
judge for contribution estimation. While we find
the associated computational cost to be manageable
in our setting (see Appendix C), this design still in-
troduces additional inference cost and dependency
on judge quality. Exploring lighter-weight super-
vision signals (e.g., heuristic judges) may further
improve scalability, especially in more resource-
constrained or latency-sensitive scenarios.
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A Analysis of Failure Trajectories and
Credit Assignment Ambiguity

In this section, we discuss why round-level credit
assignment is unreliable in failed trajectories, com-
plementing the design choice discussed in Sec-
tion 3.4. The key challenge is that failed trajec-
tories typically lack clearly identifiable low-quality
rounds that can be reliably attributed to the final
failure. Such ambiguity leads to a high risk of intro-
ducing noise when selectively reweighting search
rounds. Concretely:

• Redundant/verification queries: These rounds
look redundant but may serve an implicit veri-
fication role (re-checking ambiguous evidence).
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Heuristically marking such rounds as low-quality
would risk removing legitimate verification be-
havior.

• Cascading Errors from Misinterpreted Evi-
dence: Later retrieval rounds may be misled
by earlier misinterpretations of superficially rele-
vant yet non-supportive documents, and therefore
should not be regarded as the primary source of
failure.

• Attempts that failed to obtain key information:
When a search round recalls no useful documents,
it usually shows no obvious error — the failure is
caused by insufficient corpus coverage or inade-
quate retriever recall, not a clearly “bad” decision
the agent made.

• Premature overconfidence: This usually oc-
curs at the answer round, not during intermediate
search rounds, and thus falls outside the scope of
round-level search credit assignment.

A failure pattern that yields a reliably detectable
low-quality signal is similar-entity confusion. Be-
cause most failure patterns are inherently ambigu-
ous at round granularity, treating failed trajectories
differently (uniform contribution) avoids reinforc-
ing spurious signals and preserves GRPO’s stable
outcome-based baseline.

B LLM Judge Calibration Details

To improve transparency, we describe the calibra-
tion protocol of our LLM judge and summarize the
associated dataset statistics below.

The calibration set contains 97 search rounds
sampled from successful GRPO trajectories with
diverse trajectory lengths. Each search round is
annotated by a human annotator with respect to two
criteria: retrieval utility and reasoning correctness.
In addition, the annotator provides a confidence
score indicating the certainty of the judgment for
each labeled round.

To analyze how judgment quality varies with tra-
jectory length, Table 5 reports the distribution of
search rounds across different trajectory lengths,
distinguishing whether each round simultaneously
satisfies both retrieval utility and reasoning correct-
ness. This allows us to examine how the quality
of search rounds evolves as trajectories become
longer.

To further understand the uncertainty structure
of the calibration data, Table 6 breaks down the

Number of
Search Rounds

Satisfies Both
Criteria

Does not
Satisfy

1 5 0
2 17 3
3 18 12
≥4 18 24

Table 5: Quality distribution of search rounds across
different trajectory lengths.

annotation confidence conditioned on whether a
search round satisfies both quality criteria.

Confidence High Medium Low

Satisfies both criteria 55 3 0
Does not satisfy 34 5 0

Table 6: Confidence distribution across quality labels.

Overall, among the 89 high-confidence rounds,
the LLM judge agrees with the human annotator
on 87 rounds; among the remaining 8 medium-
confidence cases, agreement occurs in 6 cases,
yielding an overall agreement rate of 95.8%. This
demonstrates strong alignment between the LLM
judge and human judgments, particularly in high-
confidence annotations.

C Computational Cost of LLM Judge

We provide a brief analysis of the computational
cost introduced by the LLM judge during training.
The judge model GPT-oss-120B has 116.8B param-
eters and adopts a Mixture-of-Experts (MoE) archi-
tecture, where only 5.1B parameters are activated
per token. According to official deployment guide-
lines, the model can be served on a single NVIDIA
H100 GPU, making it feasible to integrate into the
training pipeline. In practice, incorporating the
LLM judge leads to a moderate increase in training
cost. Specifically, CW-GRPO training takes 11.7
hours on 5 GPUs (including one GPU dedicated to
the judge), compared to 8.8 hours on 4 GPUs for
standard GRPO, corresponding to approximately a
33% increase in wall-clock time. Overall, while the
LLM judge introduces additional computational
cost, we find it manageable in our experimental
setup.
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Your task is to retrieve knowledge from the knowledge base to answer the given question.

You must follow this conversational protocol exactly:
- Reason in <think>...</think>: list steps and immediate plan for the next retrieval(s).
- Issue a single retrieval with the search tool: provide ONE complete natural-language query (a full question) suitable for a dense retriever 
(FAISS).
- After each retrieval, you MUST wait for external <tool_response>...</tool_response> before continuing. Do not proceed or speculate until 
information is received.
- When ready to conclude, reply in <answer>...</answer>. Keep your answer as concise as possible (such as <answer>Beijing</answer>).
- Every step must begin with <think> before issuing <tool_call> or <answer>.

Search guidance and KB metadata:
- Queries must be natural-language questions (no keywords, no fragments). e.g. "Who is the author X?" not "author X".
- The KB was last updated in 2018.
- Documents with identical titles should be treated as parts of the same entry and may be combined when explicitly supported by their content. 
Otherwise treat docs independently.

Granularity and commonsense:
- When the question requires multiple reasoning hops, decompose it into smaller sub-questions and search sequentially for the information 
needed at each hop.
- You may use common-sense (general knowledge a broadly-educated adult would know) to guide reasoning, formulate searches, or fill 
obvious gaps — but mark its use in <think> (e.g., "using commonsense: ...").

Entity disambiguation and query rephrasing:
- If the question is ambiguous, infer the likely entity type (person/place/org/work) and include that type as a constraint in your query.
- If <tool_response> lacks the target, retry with rephrasing: use synonyms or near-synonyms, reverse the relation (e.g., "Who founded X" ↔
"Who is the founder of X"), or adjust the information granularity (broaden or narrow the scope). Do not use the same query twice.

Behavioral rules:
- Do not invent facts. Only assert in <answer> what follows from retrieved documents or clearly-marked commonsense used.
- Keep all text outside the tags minimal and task-focused.

Question: {{question}}

The Prompt for RL Training

Figure 5: The prompt for RL training.

D Prompts

We present the detailed prompts that guide the be-
havior of our search agent and LLM judge in this
section.

Figure 5 shows the input prompt used during
model training, defining how the search agent struc-
tures its reasoning, interacts with the retrieval tool
across rounds, and generates the final answer.

Figure 6 illustrates the prompt used by the LLM
judge, which specifies the rubrics for assessing
each search round in terms of retrieval utility and
reasoning correctness, producing the binary contri-
bution signals used in CW-GRPO.
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You are an assistant that evaluates the validity of the agent’s reasoning in a question-answering task.

You will be given a partial trace consisting of alternating messages between the agent and the information source. Your task is to judge **only the latest action** 
in the trace, based on the agent’s latest <think> section and all previously retrieved information.

### Evaluation Criteria

#### Retrieval Reward
For the latest action, give a retrieval_reward of **1** if and only if:

1. **Relevance:** 
The retrieved information is genuinely relevant to the main question and is likely to be helpful in answering it.

2. **Novelty:** 
The retrieved information should offer new, useful content for answering the question that was not already obtained in previous rounds. If the same information 
(or its substance) was retrieved in previous rounds, do **not** assign a retrieval_reward, even if it is relevant.

#### Thinking Reward
For the latest action, give a thinking_reward of **1** if and only if:

1. **Reasoning Support:**
The reasoning in the latest <think> section is logically grounded in the previously retrieved documents. The agent’s claims, assumptions, and deductions must be 
supported by the information already obtained.

2. **Action Usefulness:**
- If the action is a **search**, the proposed retrieval query must aim to obtain missing information that is necessary or beneficial for producing a correct answer.
- If the action is an **answer**, the reasoning must align with and be properly supported by the retrieved information.
- When assigning the thinking reward, you must only focus on the content and quality of the agent's latest <think> section; do NOT consider the relevance of the 
retrieved documents or whether the final answer matches the ground truth.

If **either** the reasoning is unsupported **or** the action is not helpful toward answering the question, assign a score of **0**.

### Additional Notes

- Your judgment must rely **only** on the conversation history and retrieved documents; do not use outside knowledge.
- The knowledge base (KB) used for retrieval was last updated in 2018.
- If multiple documents share the same title, treat them as parts of the same entry. But if the documents have similar but not the same title, treat them as separate 
and independent.
- The KB may contain documents with names similar to the target entity but that are actually irrelevant. 
If the agent incorrectly treats such similar-but-unrelated documents as relevant and bases reasoning on them, you **must** assign 0.
- Be objective and consistent.

### Analysis Steps
Before you assign the rewards, you should first analyze the latest action in detail. Please follow these steps:

1. Extract the factual claims, reasoning logic, search intent, and assumptions made in the latest action's <think> section.
2. For each factual claim, check whether it is supported by previously retrieved passages or is a matter of common sense.
3. Analyze whether the reasoning logic is rigorous, and whether the search intent aligns with the reasoning and constitutes information still needed to answer the 
question. **Attention**: 
- If the agent attempts to retrieve information that was previously searched for but not successfully obtained—by rephrasing, using synonyms, or otherwise 
varying the query—and if that information would be helpful for answering the question, you should consider this retrieval attempt useful. 
- If the agent makes an assumption in place of unavailable information, and the assumption is logically justified, do not penalize the agent for this.
4. Extract information from the retrieved documents that may be relevant to the main question. For statements similar to the question, analyze carefully whether 
they are truly relevant or only superficially similar but unrelated. If no relevant information is present, skip step 5 and assign a retrieval_reward of 0.
5. For each relevant information, check whether it was already retrieved in previous rounds and, if so, in which round. Finally, give the retrieval_reward based on 
whether genuinely new relevant information was retrieved in this turn.

Please conduct your analysis in the order above and justify your scoring.

### Format

Input format: a partial multi-round conversation between the agent and the information source. Example:
```
Question: the question to answer
Agent: <think>...</think><tool_call>the first search tool call</tool_call>
Information: the information retrieved by the first search tool call
Agent: <think>...</think><tool_call>the second search tool call</tool_call>
Information: the information retrieved by the second search tool call
...
Agent (the last action): <think>...</think><tool_call|answer>...</tool_call|answer>
(Information: the information retrieved by the last search tool call)
```
Your should **only** evaluate the **last** action.

Return format: a JSON object, wrapped in ```json and `` .̀ Example:
`` j̀son
{"analysis": "your detailed analysis of the latest action", "thinking_reward": 0/1, "retrieval_reward": 0/1}
```

The Prompt for LLM Judge

Figure 6: The prompt for LLM Judge to specify the rubric for assessing each search round in terms of retrieval
utility and reasoning correctness.
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