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Abstract

Agentic Reinforcement Learning (Agentic RL)
has achieved notable success in enabling agents
to perform complex reasoning and tool use.
However, most methods still relies on sparse
outcome-based reward for training. Such feed-
back fails to differentiate intermediate reason-
ing quality, leading to suboptimal training re-
sults. In this paper, we introduce Agent Rea-
soning Reward Model (Agent-RRM), a multi-
faceted reward model that produces structured
feedback for agentic trajectories, including (1)
an explicit reasoning trace , (2) a focused cri-
tique that provides refinement guidance by
highlighting reasoning flaws, and (3) an over-
all score that evaluates process performance.
Leveraging these signals, we systematically in-
vestigate three integration strategies: Reagent-
C (text-augmented refinement), Reagent-R
(reward-augmented guidance), and Reagent-U
(unified feedback integration). Extensive eval-
uations across 12 diverse benchmarks demon-
strate that Reagent-U yields substantial perfor-
mance leaps, achieving 43.7% on GAIA and
46.2% on WebWalkerQA, validating the effec-
tiveness of our reasoning reward model and
training schemes. Code, models, and datasets
will be released to facilitate future research.

1 Introduction

Reinforcement Learning with Verifiable Reward
(RLVR) has achieved remarkable success in im-
proving the reasoning capabilities of Large Lan-
guage Models (LLMs) (Liu et al., 2025b; Feng
et al., 2025b; Tang et al., 2025; Chen et al.,
2025b,c). Motivated by this progress, recent works
have extended this paradigm to agents, demonstrat-
ing its potential to handle complex interactions
with dynamic environments and external knowl-
edge sources (Jin et al., 2025; Wu et al., 2025a; Li
et al., 2025b).
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However, previous agentic RL methods typically
rely on sparse, outcome-based rewards based solely
on final correctness (Jin et al., 2025; Wu et al.,
2025a; Li et al., 2025b). This design is inherently
limiting for long-horizon agentic tasks requiring
multi-step tool utilization (Feng et al., 2025c¢; Liu
et al., 2025a; Zhang et al., 2025e). In such set-
tings, outcome-based supervision fails to differ-
entiate high-quality intermediate reasoning from
entirely incorrect attempts, for instance, treating
a trajectory that fails only at the final step as a
total failure. Consequently this coarse-grained bi-
nary supervision obscures the value of successful
intermediate steps, resulting in sub-optimal perfor-
mance (Dong et al., 2025).

To provide more granular feedback, recent re-
search has pivoted toward integrating Reward Mod-
els into Agentic RL. However, the effective deploy-
ment of Reward Models remains hampered by two
bottlenecks. First, while step-level rewards offer
finer granularity feedback (Xi et al., 2025; Liu et al.,
2025a; Xu et al., 2025), they are often plagued by
prohibitive annotation costs (Rahman et al., 2025)
and a susceptibility to reward hacking (Zhang et al.,
2025¢). Second, existing reasoning-based Reward
Models focus on pair-wise preferences (Li et al.,
2025c¢; Liu et al., 2025a; Hu et al., 2025), which
frequently introduces inherent biases and fails to
capture fine-grained quality gradations between
trajectories or provide actionable guidance for re-
finement (Jian et al., 2025; Zhang et al., 2025d).
Furthermore, most of these efforts exclusively rely
on numeric reward feedback for training, leaving
the natural language critique (Zhang et al., 2025a)
largely unexplored, which could provide more gran-
ular guidance for agentic policy.

To this end, we develop Agent Reasoning Re-
ward Model (Agent-RRM), a multi-faceted eval-
uator designed to provide reasoning-aware feed-
back for agentic trajectories. Unlike conventional
Reward Models that yield merely scalar scores or
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binary preferences, Agent-RRM conducts explicit
reasoning to justify its assessments. For each trajec-
tory, it generates a decomposed judgment compris-
ing: (1) an internal reasoning trace that analyzes
logical consistency of trajectory; (2) a targeted cri-
tique identifying specific flaws to guide refinement;
and (3) a holistic quality score. This hierarchy of
signals provides dense, multi-dimensional super-
vision, combining scalar rewards for global opti-
mization with textual critiques for explicit error
correction—all without necessitating ground truth.

Building upon these informative signals, we
perform a systematic investigation into the inte-
gration of Agent-RRM and Agentic RL. We for-
malize this integration through a unified scheme
with three variants: Text-augmented Refinement,
where agents polish trajectories based on Agent-
RRM’s textual feedback; Reward-augmented Guid-
ance, which complements rule-based rewards with
model-based signals; and Unified Feedback Inte-
gration, which harmonizes multi-source rewards
with critique-augmented sampling. We denote the
agent policy models of these variants as Reagent-
C, Reagent-R, and Reagent-U, respectively. No-
tably, our experiments demonstrate that Reagent-
U achieves superior performance by synthesiz-
ing these feedback modalities, reaching 43.7% on
GAIA and 46.2% on WebWalkerQA. Our study
provides a comprehensive roadmap for harnessing
multi-level feedback to accelerate agentic RL.

To support this investigation, we curate four spe-
cialized datasets that provide high-quality trajec-
tories for both agent reasoning and reward model
training. Extensive experiments across 12 diverse
benchmarks demonstrate that Reagent models
achieve significant performance gains, underscor-
ing the efficacy of multi-level reasoning-based feed-
back signals in complex agentic tasks.

In summary, our contributions are as follows:

* We introduce Agent-RRM, a multi-faceted
evaluator that generates structured feedback
including explicit reasoning rationales, action-
able critiques, and holistic quality scores, pro-
viding a transparent and granular assessment.

* We systematically explore three agent variants
with Agent-RRM: Text-augmented Refine-
ment (Reagent-C), Reward-augmented Guid-
ance (Reagent-R), and Integrated Feedback
Optimization (Reagent-U). This provides a
roadmap for using reasoning rewards to en-
hance agent performance.

* We curate and release four high-quality
datasets specifically tailored for training rea-
soning agent and reward model. These re-
sources provide the community with valuable
assets to advance research in multi-granular
feedback for agentic reinforcement learning.

2 Related Work

2.1 Agentic Reinforcement Learning

Agentic Reinforcement Learning (Agentic RL) has
emerged as a cornerstone for developing agents ca-
pable of operating in dynamic, open-ended environ-
ments (Dong et al., 2025; Lu et al., 2025). Recent
advancements (Jin et al., 2025; Wang et al., 2025;
Xia et al., 2025; Wu et al., 2025c; Li et al., 2025f;
Song et al., 2025) illustrate that RL can effectively
instill multi-step information-seeking and tool-use
proficiencies. For example, Search-R1 (Jin et al.,
2025) demonstrates that agentic RL enables LLMs
to interleave multi-turn web search, substantially
improving retrieval-augmented reasoning perfor-
mance. WebSailor (Li et al., 2025b) further shows
that agentic RL can scale to long-horizon web nav-
igation, equipping agents with the ability to re-
duce extreme uncertainty in complex information-
seeking tasks. Agent( (Xia et al., 2025) introduces
a co-evolutionary process where tool-aware rea-
soning behaviors emerge without human-curated
supervision. Despite these successes, most exist-
ing methods rely heavily on sparse, outcome-based
rewards, which often limits training efficacy and
hampers agent’s ability to rectify intricate interme-
diate errors (Dong et al., 2025; Lin et al., 2025).

2.2 Reward Modeling

Reward Models (RMs) play a central role in opti-
mizing complex reasoning tasks by providing learn-
ing signals for policy improvement (Wang et al.,
2024; Fan et al., 2025; Li et al., 2025a). Motivated
by Deepseek-R1 (Guo et al., 2025), reasoning-
aware reward models are introduced to perform
explicit reasoning before reward assignment for
delivering higher-quality and more transparent su-
pervision (Whitehouse et al., 2025; Zhang et al.,
2025b). For instance, RM-R1 (Chen et al., 2025d)
introduces a generative reasoning-based reward
model to first derive explicit reasoning rubrics and
then evaluate candidate responses accordingly. R1-
Reward (Zhang et al., 2025b) proposes a multi-
modal reasoning reward model and introduces a
stabilized RL algorithm that improves training ro-
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SFT Data

RL Data

APPS: 3k

Sky_T1: 4k
WebWalkerQA: 0.4k
Tool-VQA: 1.0k
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DeepScaler: 8k
Tool_Star_Math: 1k
Heysquad: 2k
file_Heysquad: 1k

DeepScaleR: 19k
SimpleRL_Zoo: 17k
Sailorfog-QA: 0.02k
Webagent_sft: 5k
LiveVQA: 8k
ToolVQA: 9k

LIMO: 0.6k
TaskCraft: 0.9k
LongAudio: 5k
file_OCR_VQA: 2k

Deepmath: 96k
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Sky-T1: 10k
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file_LiveVQA: 8k

OpenMathReasoning: 2k

Tool_Star_QA: 16k
OCR-VQA: Bk
file_zip: 0.4k

LIMO: 0.8k
Hiersearch: 28k
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file_LongAudio: 10k

SimpleRL_Zoo: 2k
SimpleDeepSearcher: 0.4k

PixelReasoner: 1k

OpenMathReasoning: 7k
ASearcher-Base-35k: 35k
SimpleDeepSearcher: 0.9k
HeySQuAD: 4k

PixelReasoner: 2k

Figure 1: Detailed distribution information of Reagent-SFT-55.6K and Reagent-RL-709K.

bustness for multimodal RMs. In agent domain,
reasoning-based reward models still remain under-
explored. Atom-Searcher (Deng et al., 2025) di-
rectly utilizes a Qwen3-30B-A3B without training
as reward model to assign scores to agent steps,
while PPR (Xu et al., 2025) employs a process re-
ward model to evaluate trajectory steps based on
a predefined principle set. However, these meth-
ods remain confined to step-level scalar rewards,
which are susceptible to reward hacking and fail
to provide language-based guidance necessary for
rectifying complex logic flaws.

3 Method

3.1 Preliminaries: GRPO Framework

In Group Relative Policy Optimization
(GRPO) (Shao et al., 2024), for a query ¢
sampled from the dataset P(q), the policy mp
generates a group of G outputs {0;}$ ; such that:

0; ~ Tp,4(0q). (D
Let r;(0) = % denote the importance sam-

pling ratio. The GRPO objective is formulated as:

Jarpro(0) = Eq~P(q){0i}~7feold

1< :
{G Z (min(ri(ﬁ)Ai, clip,) — BD?L)] )

) @)
where clip, denotes clip(r;(6),1 —¢€,1+¢€)A;, and
D%)L denotes the KL divergence between current
policy and reference model 7, ¢ for the i-th output:

DY, = Dcr(mo(0ila)lImrer(0ilg)). (3

The advantage A; is computed by normalizing the

rewards within the group R = {Ry, ..., Rg}:
R; — mean(R)
Ay = -a ) 4
std(R) @

where R; is the reward for the ¢-th output assigned
by the reward system.

3.2 Agentic Tool Design

To enable effective interaction with diverse environ-
ments, we equip the agent with a suite of six spe-
cialized tools covering information retrieval, code
execution, and multi-modal perception:

* Search: Given a query, retrieve relevant
search results using the Bing search engine.

* Web Browse: Given a URL and a query, fetch
the webpage content and generate a response
to the query based on the page information.

* Python Code Interpreter: Execute a pro-
vided Python code snippet and return the exe-
cution results.

* File Reader: Access and extract a file and
return its textual content.

* Image Descriptor: Given an image and a
query, generate a textual response to the query
conditioned on the visual features.

* Audio Converter: Transcribe an input audio
file into text.

3.3 Dataset Construction

We curate four specialized datasets spanning mathe-
matical deduction, multimodal understanding, web-
based information seeking, and complex tool uti-
lization. These datasets support the distinct training
requirements of both Reagent and Agent-RRM.

Agent Training Datasets We synthesize diverse
QA benchmarks to enhance the agent’s reasoning
and tool-use capabilities. To ensure data quality, we
apply a rigorous three-stage pipeline: (1) filtering
samples with ambiguous ground truths; (2) cross
source deduplication; and (3) difficulty-aware sam-
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Figure 2: Overview of the Reagent training scheme. We explore three integration variants: Reagent-C (
arrows), Reagent-R (gray arrows), and Reagent-U (both arrows).

pling. This yields Reagent-RL-709K, a compre-
hensive corpus of 709k question-answer pairs for
RL training. For Supervised Fine-tuning (SFT), we
prioritize the holistic quality of reasoning trajecto-
ries. Using DeepSeek-V3.1, we generate and retain
only trajectories that lead to correct final answers,
resulting in Reagent-SFT-55.6K as high-quality
cold-start data. Dataset distribution is shown in
Figure 1. Specific selection criteria and filtering
thresholds are detailed in Appendix A.2.

Reward Model Datasets Training a robust
Agent-RRM necessitates exposure to a wide spec-
trum of logical error patterns and diverse re-
sponse styles. Building upon the Reagent-RL-
709K, we construct two meticulously labeled
datasets: Reagent-RRM-SFT-28K and Reagent-
RRM-RL-90K for SFT and RL stage respec-
tively. We sample reasoning trajectories from
an ensemble of models including Qwen3-8B/14B,
Qwen3-ARPO-DeepSearch (8B/14B), Qwen2.5-
7B-ARPO, Qwen2.5-WebDancer (7B/32B), and
DeepSeekV3.1 to maximize the coverage of po-
tential error patterns. These trajectories are then
annotated by GPT-OSS-120B to generate struc-
tured three-part judgments: an analytical <think>
trace, a targeted <critique> of flaws, and a holis-
tic <score> (s € [0,1]). See Appendix A.3 for
prompts and process details.

3.4 Agent-RRM: Reward Model Training

To facilitate granular feedback, we train Agent
Reasoning Reward Model (Agent-RRM) to gen-
erate multi-dimensional judgments consisting of
three components: <think>, an internal reasoning

trace analyzing trajectory quality, <critique>, a
targeted identification of reasoning or execution
flaws, and <score>, a scalar quality assessment
within [0, 1]. Following (Chen et al., 2025d; Zhang
et al., 2025b), we adopt a two-stage training pro-
cedure. First, we conduct SFT on Reagent-RRM-
SFT-28K to instill the structured output format and
foundational evaluative capabilities. Subsequently,
we apply GRPO on Reagent-RRM-RL-90K to re-
fine the model’s evaluative rationales and ensure
the calibration of its scalar rewards. This training
paradigm ensures that Agent-RRM can generate
high-fidelity, self-consistent feedback even in the
absence of ground-truth answers, making it highly
effective for complex, open-ended agentic tasks.

3.5 Reagent: Integrating Reasoning Rewards
into Agents

In this section, we introduce our agent policy model
Reagent, and present three variants that explore
different ways of incorporating reasoning rewards
and critiques into agentic policies.

To provide a robust starting point for RL, we fine-
tune the base model on the Reagent-SFT-55.6K
dataset. This stage ensures the agent acquires fun-
damental reasoning and tool-calling proficiencies.
The resulting optimized policy, 7y ..., serves as the
seed model for subsequent RL investigations in Sec-
tion 3.5.2 and 3.5.3. We investigate three Reagent
variants to explore the synergy between Agent-
RRM and the agent: (1) Textual-augmented Re-
finement (Reagent-C), which evaluates the imme-
diate utility of textual critiques via zero-shot, in-
context refinement; (2) Reward-augmented Guid-
ance (Reagent-R), which optimizes 7y, ... by com-
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plementing rule-based rewards with model-based
scalar signals; and (3) Unified Feedback Integra-
tion (Reagent-U), which harmonizes both modal-
ities within a joint optimization loop. The overall
framework is illustrated in Figure 2.

3.5.1 Textual-augmented Refinement

This variant (Reagent-C) exploits textual critiques
from Agent-RRM for training-free refinement, ap-
plied directly to the Qwen3-8B via in-context
prompting.

For each que(:rgf q, the agent first generates an ini-
1

tial response o, * ~ 7my(0|q). Subsequently, Agent-

RRM analyzes 02(1) to produce a targeted critique c;
via its <critique> component, identifying specific
reasoning flaws or execution errors. The agent then
performs a refined pass conditioned on feedback:

0 ~ mo(olg, 0", i), )

where the augmented context (g, 0§1)’ ¢;) provides
the original task and explicit guidance for correc-
tion. Crucially, the policy my remains frozen in
this variant, allowing us to isolate and evaluate
the agent’s in-context refinement capability. All
reported results for Reagent-C correspond to the

refined outputs {01(2) }.

3.5.2 Reward-augmented Guidance

This variant (Reagent-R) utilizes the scalar score
from Agent-RRM to provide fine-grained quality
assessments of agent trajectories. Following stan-
dard GRPO sampling procedure, the agent gener-
ates G outputs o; ~ mg_,,(0|q). The reward R; is
defined as a combination of rule-based correctness
and model-based quality evaluation:

R; = Rrule(% Oi) +A- Rmodel(Qa Oi)a (6)

where R, validates final answer correctness,
Ryoder 1s extracted from Agent-RRM’s <score>,
and A is a scaling factor balancing their contribu-
tions. This variant alleviates the sparsity of rule-
based rewards by providing reasoning-aware feed-
back. It enables the agent to capture a fine-grained
spectrum of trajectory quality, effectively reward-
ing logical merit while penalizing reasoning defi-
ciencies regardless of final answer’s correctness.

3.5.3 Unified Feedback Integration

This variant (Reagent-U) harmonizes scalar re-
wards and textual critique-driven refinement within
a unified RL loop. By simultaneously optimizing

initial generation quality and refinement capabil-
ity, we investigate whether these objectives can
yield synergistic improvements through mutual re-
inforcement for agent.

For each query ¢, the agent performs a two-stage
sampling:

oD M

~ Th01q (O|Qv % Ci)v

(N
where 01(-1) is the initial attempt and 052) is the re-
fined response guided by <critique> ¢; generated
by Agent-RRM.

We pool all trajectories from both stages into
Gpool = {ng) | i € [G], k € {1,2}} and compute
combined reward Rl(k) via Eq. 6. The advantage is
computed across this unified pool:

A® _ Rl(k) — mean(R,0;)
’ Std(Rpool) ’

2
~ ﬂ-eold(OIQ)7 OZ( )

®)

where R0 = {Rl(k) | ng) € Gpool }- The unified
objective is formulated as:

2 G
Ju(0) =E {% > Z(min(rg’“)(e)Aﬁ.’“), clip,)
k=1 i=1 (9)

ik
- /BD(KL)>:|,

where the importance ratio rgk) (#) and KL penalty

]D)y(’? are computed relative to their respective con-
texts. By normalizing advantages across all initial
and refined trajectories, Reagent-U encourages the
agent to optimize for overall trajectory quality, ef-
fectively boosting the agent’s core reasoning and
tool-calling performance. Notably, textual critiques
are utilized exclusively during the training phase to
internalize reasoning capabilities; at inference time,
ReAgent-U operates as a standard agent without ad-
ditional critique refinement or external guidance.

4 Experiments

Benchmarks We evaluate comprehensively on
multiple challenging benchmarks. (1) Mathe-
matical Reasoning: AIME24 (Zhang and Math-
Al 2024), AIME25 (Zhang and Math-Al, 2025),
GSMSK (Cobbe et al., 2021) and MATH500 (Light-
man et al., 2023).(2) Knowledge-Intensive Rea-
soning: HotpotQA (Yang et al., 2018), 2Wiki (Ho
et al., 2020), Bamboogle (Press et al., 2023) and
MuSiQue (Trivedi et al., 2022). (3) General Agent
and Search Reasoning: GAIA (Mialon et al.,
2023), WebWalkerQA (Wu et al., 2025b), Human-
ity’s Last Exam (HLE) (Phan et al., 2025) and
xbench (Chen et al., 2025a).

1979



Table 1: Comprehensive Evaluation on General Agent and Search Benchmarks.

GAIA (text) WebWalkerQA HLE xbench
Method Backbone Lv.l Lv.2 Lv.3 Avg. Easy Med. Hard Avg. Avg. Avg.
Proprietary Agents
- OpenAl-03 - - - 705 - - - 717 202 66.0
- ol-preview - - - - 11.9 104 79 99 11.1 -
- Calude-4-Sonnet - - - 683 - - - 61.7 202 64.0
- OpenAl DeepResearch - - - 674 - - - - 26.6 -
Open-source Baselines (<8B)
WebThinker (Li et al., 2025¢) Qwen3-8B 436 115 0.0 223 6.7 13.1 169 13.0 6.6 13.0
WebDancer (Wu et al., 2025a) Qwen2.5-7B 41.0 30.7 0.0 31.0 40.6 44.1 28.2 36.0 - -
VerlTool (Jiang et al., 2025) Qwen3-8B - - - 340 - - - - 8.4 -
ARPO (Dong et al., 2025) Qwen3-8B 53.9 32.7 16.7 38.8 26.7 333 29.6 305 88 25.0
Open-source Baselines (<32B)
- QwQ-32B 309 65 52 189 75 21 42 38 6.4 10.0
- DeepSeek-R1-671B 40.5 212 52 252 50 11.8 11.3 100 8.6 32.0
Tree-GRPO (Ji et al., 2025) Qwen2.5-14B 20.8 243 73 21.0 11.1 155 10.8 128 - -
ARPO (Dong et al., 2025) Qwen3-14B 56.4 40.4 16.7 43.7 31.1 429 31.0 360 10.0 32.0
Search-o1 (Li et al., 2025d) QwQ-32B-Preview 53.8 34.6 16.7 39.8 43.1 350 27.1 34.1 108 40.0
WebDancer (Wu et al., 2025a) Qwen2.5-32B 46.1 44.2 8.3 40.7 443 46.7 292 384 - 38.0
Open-source Baselines with Process Reward
Atom-Searcher (Deng et al., 2025) Qwen2.5-7B 180 21.2 0.0 175 31.7 23.7 370 27.9 10.0 21.0
Our Agents
- Qwen3-8B 282 21.2 0.0 214 31.1 28.6 282 29.0 4.0 9.0
Reagent w/o Agent-RRM Qwen3-8B 41.0 365 0.0 34.0 444 450 413 435 638 32.0
Reagent-C (Direct Inference) Qwen3-8B 30.8 23.1 16.7 252 35.6 38.1 324 355 46 15.0
Reagent-R Qwen3-8B 51.3 30.8 16.7 36.9 47.5 46.0 429 453 10.0 41.0
Reagent-U Qwen3-8B 59.0 38.5 16.7 43.7 49.2 46.8 433 46.2 10.8 43.0

Implementation Details Following (Dong et al.,
2025; Feng et al., 2025a; Wu et al., 2025a), we
employ a two-phase training pipeline: Supervised
Fine-Tuning followed by Reinforcement Learning.
This training protocol mitigates optimization insta-
bility in early RL stages and equips the agent with
the foundational skills necessary for effective tool
interaction. Both agent models and reward model
are initialized from Qwen3-8B (Yang et al., 2025).

Both our agent models and Agent-RRM are
trained on 8 NVIDIA A800-80G GPUs. Batch
size is set to 32 for both SFT and RL. We use
AdamW optimizer. Learning rate is set to 1 x 1075
for SFT and 5 x 10~7 for RL. X in Eq. 6 is set
to 0.3. Detailed hyperparameters and compute re-
sources are deferred to Appendix B. For evaluation
metrics, following (Dong et al., 2025), we utilize
Qwen2.5-72B-Instruct as judge model to perform
binary scoring based on ground truth and agent
prediction. To ensure a rigorous comparison with

prior works (Dong et al., 2025; Wu et al., 2025a),
unless otherwise specified, we report pass@1 using
a decoding temperature of 0.6 and top-p of 0.95.
Evaluation details are shown in Appendix C.

4.1 Can Textual Critiques Guide
Inference-Time Refinement?

To investigate the direct impact of textual critiques,
we evaluate Reagent-C—a training-free variant—on
Qwen3-8B using Agent-RRM for critique guid-
ance. As shown in Table 1 and Table 2, Reagent-C
achieves consistent performance gains across all
benchmarks without any parameter updates. Im-
provements are particularly pronounced in Mathe-
matical Reasoning, while solid advancements are
also observed in General Agentic and Knowledge-
Intensive tasks. We attribute this versatility to
Agent-RRM’s diagnostic capacity, which effec-
tively pinpoints logical fallacies and tool-execution
errors within complex trajectories. See case study

1980



Table 2: Results on Knowledge-Intensive Reasoning and Math Benchmarks. (HQA: HotpotQA)

Knowledge-Intensive Reasoning

Mathematical Reasoning

Method Backbone HQA 2Wiki Bamboogle MuSiQue AIME24 AIME25 MATH500 GSMSK

Proprietary Agents

- GPT-40 540 495 68.8 24.0 13.4 25.7 60.3 -

- ol-preview - - - - 46.7 - 85.5 -

- Claude-4-Sonnet - - - - 434 33.1 934 -

Open-source Baselines (<8B)

Search-R1 (Jin et al., 2025) Qwen2.5-7B 433 382 432 19.6 - - - -

VerlTool (Jiang et al., 2025) Qwen2.5-7B! 42.6 392 38.4 18.0 36.7 333 82.8 92.1

ARPO (Dong et al., 2025) Qwen2.5-7B 58.8 76.1 71.5 31.1 333 30.0 88.8 92.2

ARPO (Dong et al., 2025) Qwen3-8B - - - - 333 30.0 88.4 934

AgentFlow (Li et al., 2025f) Qwen2.5-7B 570 772 69.6 253 40.0 - - -

Open-source Baselines (<32B)

Search-o1 (Li et al., 2025d) QwQ-32B-Preview 45.2 58.0 56.0 16.6 56.7 - 86.4 -

Tree-GRPO (Ji et al., 2025) Qwen2.5-14B 50.2  50.5 544 25.9 - - - -

ARPO (Dong et al., 2025) Qwen3-14B - - - - 36.7 30.0 83.0 93.6

Open-source Baselines with Process Reward

Atom-Searcher (Deng et al., 2025) Qwen2.5-7B 57.3 66.9 70.7 27.6 - - - -

PPR-Instruct (Xu et al., 2025) Qwen2.5-7B 38.7 31.0 41.2 15.5 - - - -

Our Agents

- Qwen3-8B 52.0 58.0 53.6 22.1 46.7 40.0 90.4 94.6

Reagent w/o Agent-RRM Qwen3-8B 65.8 77.0 61.6 28.1 50.0 433 90.8 94.5

Reagent-C (Direct Inference) Qwen3-8B 61.0 689 61.6 25.0 56.7 46.7 93.8 94.9

Reagent-R Qwen3-8B 679 179.0 72.8 28.3 533 50.0 922 94.1

Reagent-U Qwen3-8B 68.1 78.8 76.8 31.3 60.0 50.0 93.8 95.1
in Appendix D. Reagent-R, which augments rule-based outcome

The results confirm that the second response
{OZ(»Q)} consistently achieves better performance

compared to the initial response {ogl)}. Crucially,
the widening margin between the first and sec-
ond response underscores that many initial fail-
ures stem from transient execution errors or logical
oversights. Our critiques are uniquely positioned to
rectify these flaws by offering precise, actionable
feedback. Furthermore, since Agent-RRM oper-
ates without access to ground-truth answers, these
performance gains empirically validate its capacity
to diagnose reasoning flaws and tool-execution er-
rors. This highlights that textual critiques offer the
high-granularity supervision essential for master-
ing complex, multi-step agentic tasks.

4.2 Does Model-based Reward Improve
Learning?

To explore whether dense model-based rewards can
alleviate reward sparsity in agentic RL, we evaluate

WerlTool backbones:
Qwen2.5-Math-7B (math).

Qwen2.5-7B (knowledge) and

rewards with holistic reasoning-level scores from
Agent-RRM. As shown in Table 1 and Table 2,
Reagent-R consistently outperforms rule-based re-
ward baseline (Reagent w/o Agent-RRM) across
all benchmarks. Specifically, Reagent-R achieves
72.8% on Bamboogle and 41.0% on xbench, sur-
passing Reagent w/o Agent-RRM by 11.2 and
9.0 percentage points, respectively. These results
suggest that holistic model-based rewards provide
more informative feedback for complex, multi-step
reasoning scenarios, where sparse binary outcomes
often provide overly coarse and limited guidance
for learning.

Reagent-R serves as a critical ablation to iso-
late the impact of scalar supervision by exclud-
ing the textual critiques used in Reagent-U. While
Reagent-R consistently outperforms sparse-reward
baselines, it remains inferior to Reagent-U across
most tasks. This performance gap suggests that
while continuous scores better differentiate trajec-
tory quality, they lack the explicit, structural guid-
ance inherent in textual feedback. This indicates a
clear need for supervision with richer informational
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Table 3: Performance of Reagent-U on GAIA text set
and full set (multi-modal).

Model GAIA (text) GAIA (full)

pass@1 pass@3 pass@1 pass@3

Qwen3-8B (Yang et al., 2025) 21.4 24.3 20.0 26.7
MCP-R1 (Anonymous, 2025)  39.8 52.4 37.6 51.5
Reagent-U 43.7 534 38.8 53.9

granularity, such as the textual critiques integrated
into Reagent-U.

4.3 Does Unified Feedback Synergistically
Boost Performance?

Evaluations in Tables 1 and 2 reveal that the unified
feedback mechanism in Reagent-U consistently
outperforms all baselines across a diverse spectrum
of reasoning and agentic benchmarks. Specifically,
Reagent-U achieves 43.7% on GAIA (text) and
46.2% on WebWalkerQA, surpassing all compared
methods. Beyond its excellence in general agentic
and search tasks, Reagent-U maintains robustness
in knowledge-intensive and mathematical reason-
ing, securing 76.8% on Bamboogle and 60.0% on
AIME24. In contrast, many existing baselines fail
to generalize across diverse domains, often suffer-
ing from significant performance trade-offs. This
balanced proficiency indicates that Reagent-U aug-
ments multi-tool, multi-turn reasoning capabilities
rather than merely optimizing for web search. Such
results demonstrate a comprehensive long-horizon
decision-making ability, effectively showing that
the unified feedback mechanism—integrating both
scalar rewards and textual critiques—allows the
agent to internalize a more sophisticated policy
across complex, heterogeneous tasks.

4.4 Beyond Text-Only: Cross-Modal
Reasoning and Complex Tool Use

To evaluate Reagent-U’s proficiency across diverse
modalities and tools, we conduct analysis on full
GAIA benchmark. While existing studies (Dong
et al., 2025; Jiang et al., 2025; Li et al., 2025b,f) fo-
cus on the text subset, which emphasizes web nav-
igation and information retrieval ability, we argue
that such a narrow scope overlooks the heteroge-
neous reasoning capabilities required for complex
real-world tasks. By evaluating on the GAIA full
set, we challenge the agent with tasks requiring
the integration of open-domain search, multimodal
interpretation, python coding, and file-based rea-

xbench
80 AIME24
63.3
© 60 567 567 600 56.7
< 50.0
3 430 400
390 ' .
W40 5,9 360 37.0
20
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Lambda (A)

Figure 3: Impact of Agent-RRM reward weight A on
task performance.

soning. As shown in Table 3, Reagent-U not only
maintains competitive performance on the text sub-
set but also significantly outperforms baselines on
the full set. These results confirm that Reagent-
U fosters a versatile agentic intelligence that gen-
eralizes across a broad task spectrum rather than
overfitting to specific text-based requirements.

4.5 Parameter Analysis on A

To evaluate the impact of the Agent-RRM reward
weight A, we conduct a parameter analysis on
AIME24 (math) and xbench (deep search). Fig-
ure 3 shows that agent performance initially in-
creases with rising A values, demonstrating that the
integration of reasoning-based rewards enhances
the agent’s decision-making compared to the base-
line (A = 0). Specifically, performance reaches
a plateau between \ € [0.2,0.4], followed by a
slight decline at A = 0.5. This trend suggests that
while moderate reasoning feedback provides essen-
tial supervisory signals, a disproportionately high
weight may over-emphasize intermediate steps at
the expense of final task completion. Consequently,
balancing Agent-RRM rewards with rule-based out-
come reward is crucial to maintain an optimal trade-
off between reasoning and outcome supervision.

5 Conclusion

In this work, we introduce Agent-RRM, a multi-
faceted reasoning reward model designed to pro-
vide textual critiques and holistic reasoning-aware
reward. Building upon this, we present Reagent,
a comprehensive scheme designed to explore the
efficacy of multi-dimensional feedback in agen-
tic learning. Our systematic evaluations reveal
that while textual critiques provide diagnostic guid-
ance for inference-time refinement, model-based re-
wards serve to mitigate signal sparsity during train-
ing. Together, these signals significantly bolster the
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agent’s long-horizon reasoning and multi-step tool-
use proficiency, leading to consistent gains across
diverse complex, multi-modal tasks.

6 Limitations

We discuss the limitations of our work and potential
directions for future research as follows:

First, our current experiments primarily focus
on models at the 8B parameter scale. While this
setting demonstrates the efficacy of our Reagent
scheme, its scaling behavior on larger-scale models
remains to be explored. Future work could investi-
gate how more powerful base models might further
amplify the benefits of structured reasoning feed-
back. Second, moving beyond standardized bench-
marks to handle broader toolsets and more intricate
reasoning chains is essential. Future works can ex-
plore open-ended, real-world applications (e.g., Al
for science) that involve more diverse toolsets and
unpredictable task environments to further validate
the scheme’s adaptability.
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A Dataset Details

All datasets will be publicly released to support
future research.

A.1 Agent Training Data Distribution

We collect 709k question-answer pairs from pub-
licly available datasets as our RL dataset, Reagent-
RL-709K. The detailed distribution information
is shown in Figure 1 (bottom). We randomly
select 100k data from RL dataset and utilize
DeepSeek V3.1 to collect problem solving trajec-
tories with our 6 tools. The trajectories reach to
the correct final answer is saved as the SFT dataset
in Figure 1 (top). In total, we collect 55.6k high
quality trajectories for SFT training, denoted as
Reagent-SFT-55.6K.

A.2 Dataset Selection and Filtering

DeepMath. Each question in DeepMath is ac-
companied by three independently generated so-
lutions. We remove samples for which the final
answers are inconsistent across the three solutions,
as such cases introduce ambiguity in supervision.

DeepScaleR. We filter out samples whose pro-
vided solutions produce answers inconsistent with
the labeled ground-truth answer.

SimpleRL-Zoo. To encourage non-trivial reason-
ing behavior, we subsample questions by difficulty,
retaining a higher proportion of medium- and hard-
level questions and fewer easy ones.

MMK12. We select samples where the visual
input consists of charts or tables, which can be reli-
ably processed using OCR-based tool assistance.

PixelReasoner. We select questions that require
extracting information from textual content or vi-
sual avatars within images. These samples are solv-
able using a combination of OCR and image de-
scription tools.

LiveVQA. We retain questions that ask about
identifiable attributes such as titles or authors
present in images. Only samples from the image-
based subset are included.

ToolVQA. We select questions from the Im-
ageDescription, GoogleSearch, OCR, and Calcu-
lator categories to align with the agent’s available
tool set.

SimpleDeepSearcher. We convert the original
tool-calling format into a Qwen-compatible format
to ensure consistency with the agent’s action space.

AFM-WebAgent. We transform multi-agent in-
teraction data into a single-agent reasoning trajec-
tory by linearizing planning, verification, and re-
flection steps. These components provide useful
reasoning patterns for single-agent reasoning.

LongAudio. We select audio samples with du-
rations between 5 and 40 seconds. Audio clips
shorter than 5 seconds typically lack sufficient in-
formational content, while longer clips impose ex-
cessive computational overhead on the audio-to-
text model (whisper-large-v3).

A.3 Agent-RRM Construction Details

The prompt template employed to generate train-
ing data for Agent-RRM is detailed in Figure 4.
Our primary design objective is to augment the
reasoning-driven analytical capabilities of Agent-
RRM, ensuring it provides reliable and informative
feedback at both the semantic and scalar levels.
To this end, each training instance is structured
into three distinct components to facilitate multi-
granular reasoning supervision:

* <think>: A reasoning process that evaluates
the logical consistency of the given trajectory.
By explicitly articulating the rationale behind
the assessment, this component provides trans-
parency into how the reward model derives
its judgments, thereby enhancing the inter-
pretability of the final reward signal.

* <critique>: A targeted summary that iden-
tifies reasoning flaws, with a particular focus
on global logic and the appropriate invocation
of external tools.

* <score>: A holistic scalar value derived from
the preceding analysis to quantify the trajec-
tory’s overall quality. By condensing complex
reasoning evaluations into a standardized nu-
merical format, this component serves as the
formal reward signal required for advantage
calculation within the reinforcement learning
optimization loop.

To support the development of our model, we
curate two specialized datasets: Reagent-RRM-
SFT-28K, comprising 28,000 high-quality trajecto-
ries for initial supervised fine-tuning, and Reagent-
RRM-RL-90K, consisting of 90,000 instances de-
signed for large-scale RL training.
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Instruction Prompt for Reward Model Annotation

You are an expert agent tool use evaluator. You must strictly follow the output format below:

<think>

Provide a comprehensive analysis of the entire reasoning trajectory. Focus specifically on the agent’s reasoning quality and
its tool-usage behavior across ANY type of tool.

Key points to evaluate (for all tasks and all tools):

- Whether the agent correctly decided when to call tools. Over-reliance on tools for trivial reasoning is bad; failing to call
tools when necessary is also bad.

- Whether the agent misused tools (e.g., calling an irrelevant tool, giving incorrectly formatted arguments, hallucinating tool
inputs or filenames, making repeated tool calls without new purpose).

- Whether the agent understood tool limitations (e.g., tool outputs may be incomplete, noisy, or partial; tools cannot access
nonexistent resources).

- Whether the agent improved its reasoning over time (e.g., corrected wrong assumptions, avoided repeated mistakes,
verified hypotheses when possible).

- Whether the agent avoided unverified guesses. Hypotheses without verification are harmful.

- Whether the agent avoided fabricating tool results, file names, object identifiers, or other non-existent content.

If uncertain, identify potential harmful reasoning patterns: unnecessary tool calls, missing essential tool calls, uncritical
acceptance of tool output, faulty logical jumps, or incorrect assumptions about tool capabilities.

Never mention the true answer. Only evaluate the reasoning process and tool use.

</think>

<critique>

Provide a succinct, specific, and actionable summary of issues in the agent’s reasoning and tool use. This section will be
shown to the agent, so it must be concise and clearly highlight:

- Incorrect, unnecessary, missing, or repeated tool calls.

- Incorrect assumptions, unverified reasoning, or blind trust in tool results.

- Any improper handling of tool limitations or constraints.

- Any hallucinated tool arguments, filenames, or resource identifiers.

- Unlogical reasoning.

Do NOT provide the correct answer or hints toward it.

</critique>

<score>
A single float between 0 and 1 representing the overall quality of the reasoning and tool use. 0 means completely incorrect

or harmful reasoning; 1 means flawless reasoning with appropriate, precise, and well-justified tool use. </score>

Strict Requirements: Output exactly three blocks; focus solely on reasoning/tool-use; never reveal the correct answer.

Figure 4: The prompt used for generating structured judgments of reward model.

B Training Details

B.1 Training Codebase

We use LLaMA-Factory (Zheng et al., 2024) to Table 4: Hyper-parameters for Reinforcement Learning
implement SFT training of both Agent-RRM and Training.

Reagent. Both reward model and agent model are

. Category Hyper-parameter Value
trained for 2 epoches.
. Base Model Qwen3-8B
We use r'LLM (Te.m_ et al.,, 2025) to imple- Optimizer “AdamW
ment Agentic RL training of Reagent. We use Training Config Learning Rate 5% 10~7
VeRL (Sheng et al., 2024) to implement RL train- Training Batch Size 64
. Mini-batch Size 16
ing of Agent-RRM. The hyper-parameters we used
during RL training is shown in Table 4. We conduct Max Agent Steps 13
.. Temperature 0.7
RL training for 300 steps. To- 0.95
Generation & Env p-p |
. Rollout Samples (1) 8
B.2 Tools configuration Lambda ()\) 0.3

Our models are trained on 8 NVIDIA A800-80G
GPUs. We detail the specific implementations of
tools integrated into our agentic framework during
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training:

* Search: Powered by the Bing Search API. The
agent receives the top-k results, including the
URL, title, and a content snippet for each entry.

* Browse: Website content is retrieved via the
Jina Reader and subsequently condensed using
DeepSeek-Chat as a summarization model.

* Image2text: Visual queries and image-based rea-
soning are handled by GPT-4.1.

* Audio2text: Audio inputs are transcribed into
text using the Whisper-large-v3 model.

C Evaluation Details

C.1 Evaluation Benchmarks

For GAIA, we report performance on the 103-task
Text subset in Table 1 following Dong et al. (2025),
while the full set results (165 tasks) are reported
as GAIA (Full). For HLE, we evaluate on the 500-
task subset consistent with Dong et al. (2025), as
shown in Table 1. For xbench, we report results
specifically on the xbench-DeepSearch set.

C.2 Tool Configurations

The configurations for evaluation tools are identical
to those detailed in Appendix B.2.

C.3 Agent Evaluation Settings

For all benchmark evaluations, we employ a decod-
ing temperature of 0.6 and a top_p of 0.95. The
maximum response length is constrained to 32,768
tokens, and the agent is permitted a maximum of 30
tool-use steps per query. Consistent with Dong et al.
(2025), we utilize Qwen2.5-72B-Instruct as the au-
tomated judge to perform binary scoring by com-
paring the agent’s predictions against the ground-
truth answers.

D Case Study

We present two case studies of Reagent-C in Fig-
ure 5 and Figure 6 to demonstrate the effectiveness
of our critique mechanism. The critiques generated
by Agent-RRM highlight logical inconsistencies
or inappropriate tool usage in the initial responses.
These critiques serve as informative signals that
facilitate the agent’s self-correction, leading to suc-
cessful reasoning refinement and error rectification
in the subsequent responses.
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Question: On July 15, 2008, Phys.org published an article about a catastrophe. Find the explosive force of this catastrophe
according to Encyclopedia Britannica, then find the name of the US nuclear test that had the same yield. Your answer should only
be the last word of the name of the test.

Ground Truth: Bravo

Source: GAIA

First Response:

<think>

Okay, let's tackle this step by step. The user wants the explosive force from a Phys.org article on July 15, 2008, then find a US
nuclear test with the same yield... I'll search for the article first.

</think>

n.on

"name": "search", "arguments": {"queries": ["Phys.org July 15 2008 catastrophe"]}}

--- search result for [Phys.org July 15 2008 catastrophe] ---

[Tunguska Catastrophe: Evidence Of Acid Rain...] The Tunguska catastrophe in 1908 evidently...

[Planetary science: Tunguska at 100 - Nature] ...it was a 15-megatonne event...

[Was there an upward atmospheric discharge...] ...the Tunguska explosion ...explosion energy of 3.5-5.0 megatons...

<think>

...The search results mention both a 15-megatonne event and 3.5-5.0 megatons. The Britannica entry might cite a specific value.
Let's assume the yield is around 5 megatons based on the range provided. Now I need to find a US nuclear test with that yield...
</think>

non

{"name": "search", "arguments": {"queries": ["US nuclear test 5 megaton yield"]}}

--- search result for [US nuclear test 5 megaton yield] ---
[The BRAVO Test - Atomic Archive] The predicted was 5 megatons, but "BRAVO" was 14.8 megatons...
[Cannikin Nuclear Test Site] ...consisted of a 5 megaton-yield thermonuclear bomb...

<think>

...The search results show the Tunguska event's yield is 3-5 megatons. The Britannica entry mentions 185 Hiroshima bombs,
roughly equivalent to 5 megatons. So the "Cannikin" test had a 5-megaton yield. Therefore, the last word is Cannikin.
</think>

Critique:

- Missing essential tool call: The agent never used browse tool to open the Phys.org article or the Britannica page, so it never
confirmed the catastrophe’s name or the exact yield.

- Unverified assumptions: The agent inferred the catastrophe was the Tunguska event and the yield was 5 megatons without

extracting information directly from the Britannica entry.

- Ambiguous test selection: The agent listed multiple US tests (Cannikin, Castle Bravo, Buster-Jangle) but chose “Cannikin”
without checking which the Britannica yield matches.

Second Response:
<think>
...Following the critique, I should use the browse tool to get the exact yield from Britannica...
</think>
"name": "browse", "arguments": {"url": "https://www.britannica.com/event/Tunguska-event", "query": "What is the explosive
force of the Tunguska event in megatons?"} }

Based on the source content, the explosive force of the Tunguska event is estimated to have been equivalent to as much as 15
megatons of TNT...
<think>

Now I have the exact yield from Britannica: 15 megatons...The last word of "Castle Bravo" is Bravo.
</think>

Figure 5: Case 1: a search question from GAIA.
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Question: A team of 4 painters worked on a mansion for 3/8ths of a day every day for 3 weeks. How many hours of work did each
painter put in?

Ground Truth: 189

Source: GSM8K

First Response:

<think>

Okay, let's try to figure out how many hours each painter worked...First, I need to break down the time they worked. Let me
start by calculating..., which is 21 days. So 3 weeks = 21 days. Next, each day they worked 3/8 of a day...

</think>

{"name": "python", "arguments": {"code": "total weeks = 3\nwork days per week = 7\ndays_worked = total weeks *

work days_per week\nfraction of day = 3/8\ntotal days = days worked * fraction_of day\nhours per day = 24\ntotal hours
= total days * hours_per day\npainters = 4\nhours_per painter = total hours / painters

hours_per_painter"} }

Code executed successfully (no output)

<think>

Okay, let me check... total days worked by the team is 21 * 3/8 = 63/8 days. Convert that to hours by multiplying by 24: 63/8 *
24 =63 * 3 =189 hours. Divide by 4 painters: 189 /4 = 47.25 hours per painter. The Python code calculate this...

</think>

{"name": "python", "arguments": {"code": "total weeks = 3\nwork days per week = 7\ndays worked = total weeks *

work days per week\nfraction of day = 3/8\ntotal days = days worked * fraction of day\nhours per day = 24\ntotal hours
= total days * hours_per day\ntotal hours per painter = total hours / 4\nprint(total hours_per painter)"}}

47.25

<think>

Okay, let me ...So total days worked by the team is 21 * 3/8 = 63/8 days... 63/8 * 24 = 189 hours. Divided by 4 painters, that's
189 / 4 = 47.25 hours per painter. The Python code correctly calculates this, and the output is 47.25. So the answer

should be 47.25 hours.

</think>

Critique:

- The first Python call did not include a ‘print’ statement, so the tool returned no output. This is an unnecessary tool call because
the assistant already had the answer, and it wasted a call.

- The assistant should have either omitted the first tool call or included a “print’ to capture the result.

Second Response:

<think>

Let me carefully work through this problem step by step. Given:

- Team of 4 painters ...

Step 1: Convert 3/8 of a day to hours

1 day = 24 hours 3/8 of a day = (3/8) x 24 =9 hours per day

Step 2: Calculate total days: 3 weeks =3 x 7 =21 days

Step 3: Calculate hours per painter

Since EACH painter worked 9 hours per day for 21 days: Hours per painter =9 x 21 = 189 hours
Wait, should I divide by 4? Let me think about this carefully.

The question asks for how many hours EACH painter worked. If each painter worked alongside the others for 9 hours/day for 21
days, then EACH painter individually put in 189 hours of work.

Total man-hours =4 x 189 = 756 hours, but the question asks for EACH painter, which is 189 hours.
</think>

Figure 6: Case 2: a math question from GSMS8K.
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