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Abstract

Tool-Integrated Reasoning (TIR) with search
engines enables large language models to it-
eratively retrieve up-to-date external knowl-
edge, enhancing adaptability and generalization
in complex question-answering tasks. How-
ever, existing search agent pipelines typically
depend on reinforcement learning based opti-
mization, which often suffers from sparse out-
come rewards, leading to inefficient and un-
stable training. We introduce CriticSearch, a
fine-grained credit-assignment framework that
supplies dense, turn-level feedback via a ret-
rospective critic mechanism. During training,
a frozen, asymmetric critique LLM retrospec-
tively evaluates each turn using privileged in-
formation from the full trajectory and gold an-
swers, converting these assessments into stable,
dense rewards that guide policy improvement.
Experimental results across diverse multi-hop
reasoning benchmarks demonstrate that Critic-
Search consistently outperforms existing base-
lines, achieving faster convergence, improved
training stability, and higher performance.

1 Introduction

Recently, multi-turn Tool-Integrated Reasoning
(TIR) has achieved great potential across a wide
range of downstream tasks, including code gen-
eration, mathematical reasoning, and question-
answering (Q&A) (Shao et al., 2024; Jin et al.,
2025; Feng et al., 2025a). This paradigm draws
inspiration from the interaction and iterative mech-
anisms in reinforcement learning (RL) (Schulman
et al., 2017; Shao et al., 2024), enabling mod-
els to invoke external tools (e.g., search engines,
code interpreters), access up-to-date information,
and progressively refine their reasoning process
through feedback-driven iterations (Jin et al., 2025;
Feng et al., 2025a). In particular, in complex

“Equal contribution.
Corresponding author.

Search-R1
—— ZeroSearch
—— StepSearch
—— CriticSearch

2Wiki

MuSiQue

Bamboogle
Average

Figure 1: CriticSearch achieves leading performance on
most of the datasets compared with RL methods.

Q&A and problem-solving scenarios, TIR with
search engines (i.e., search agents) effectively miti-
gates inherent limitations of large language models
(LLMs), such as outdated knowledge and limited
contextual awareness, thereby achieving stronger
performance and generalization.

However, the effectiveness of search agent
hinges on RL-based optimization. Existing algo-
rithms typically rely on sparse outcome rewards,
where all search actions within a trajectory share
the same reward regardless of quality (Jin et al.,
2025; Feng et al., 2025a; Chen et al., 2025; Zheng
et al., 2025b). Such coarse feedback prevents the
model from distinguishing between effective and
ineffective tool-calling, leading to inefficient train-
ing and slow policy improvement (Zheng et al.,
2025a; Dong et al., 2026). Moreover, the reward
sparsity induces high variance in returns, making
training unstable (Plappert et al., 2018). These chal-
lenges become particularly severe in deep-search
or other frequent tool-call settings, where a large
number of externally generated tokens exacerbate
instability, often resulting in reward collapse and
gradient explosion (Tu et al., 2025a; Xue et al.,
2025; Jin et al., 2025).

A natural solution to these challenges is to pro-
vide fine-grained, turn-level (action-level) feed-
back for search agent rather than relying solely
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Method

Dense Reward No additional Rollout

Generality

Search-R1 (Jin et al., 2025) X
StepSearch (Zheng et al., 2025a)
ARPO (Dong et al., 2026)
ReasonRAG (Zhang et al., 2025b)
CriticSearch (Ours)

X

Table 1: Comparison of agentic RL with search engines. CriticSearch satisfies three criteria: 1) dense reward, 2)
no need for additional rollout during training, and 3) generality to all training data.

on sparse global rewards (Feng et al., 2025b; Dong
et al., 2026; Zheng et al., 2025a). However, ex-
isting search agent paradigms struggle to perform
effective credit assignment under sparse rewards
(Tab. 1). Feng et al. (2025b); Dong et al. (2026)
use Monte Carlo to approximate fine-grained re-
wards, which often suffer from high variance and
require large amounts of rollout for stable estima-
tion. Some studies have attempted to use ground-
truth references for supervision, but such methods
depend heavily on annotated data and lack general-
ity (Zheng et al., 2025a).

To overcome these limitations, we propose Crit-
icSearch—a fine-grained credit assignment method
that leverages LLM to assist policy training. The
key idea of CriticSearch is to introduce a retrospec-
tive critic mechanism: after the model produces a
complete reasoning trajectory and obtains the gold
answet, a critique model revisits each intermediate
action to assess its contribution toward the final out-
come and generate fine-grained turn-level rewards.
Compared with forward-looking decision-making,
this retrospective assessment leverages privileged
information that is asymmetrically available during
training (e.g., the gold answer and future interac-
tion turns). Such hindsight access makes it easier
and more reliable to generate turn-level rewards
(Section 5.4) (Zhou et al., 2025a; Lee et al., 2020;
Lowe et al., 2017). By integrating both turn-level
and global rewards, CriticSearch assigns lower re-
wards to redundant or low-quality actions while am-
plifying the learning signals of key actions. With
the aid of stable and denser feedback, CriticSearch
effectively enhances training stability and learning
efficiency.

Our main contributions are as follows:

* We propose a retrospective critic, a novel
mechanism for search agents that leverages
a frozen LLM to retrospectively evaluate tra-
jectories with privileged hindsight, thereby
producing dense and informative turn-level
rewards.

* We provide valuable experimental analyses
that reveal key phenomena arising from the
introduction of dense rewards, including accel-
erated convergence and mitigation of training
instability.

* CriticSearch surpasses dense-reward baselines
by 16.7% and 6.7% on 3B and 7B models,
respectively, across Q&A benchmarks.

Prompt 1: Training Prompt

Answer the given question. You must
conduct reasoning inside <think> and
</think> first every time you get new
information. After reasoning, if you
find you lack some knowledge, you can
call a search engine by <search> query
</search>, and it will return the top
searched results between

and You can search as
many times as you want. If you find no
further external knowledge needed, you can
directly provide the answer inside <answer>
and </answer> without detailed illustra-
tions. For example, <answer> Beijing
</answer>. Question:

2 Preliminaries

2.1 Agentic RL with Search Engines

In a deep search task, the policy model is de-
signed to interact with the search engine, pro-
ducing a multi-turn reasoning trajectory y =
{s0, 81, ...,s7} to answer the question ¢q. Here,
T represents the total number of interaction turns.
This process can be modeled as a partially observ-
able Markov decision process (POMDP). As il-
lustrated in Prompt 1, each interaction turn s; =
(at, c) consists of two stages: a decision stage a;
and a environment feedback stage c; (Jin et al.,
2025). During the decision stage, the policy
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Figure 2: Overview of CriticSearch. The policy LLM interacts with external tools during multi-turn reasoning
to generate a rollout trajectory. A frozen LLM with privileged information retrospectively evaluates each action,
producing dense rewards that complement the sparse outcome reward. The resulting hybrid advantage signal
provides fine-grained feedback, effectively mitigating reward sparsity in agentic RL.

model performs deep reasoning and then gener-
ates an action token sequence a;, which can be
either a search action or an answer action. When
additional information is required to answer the
question, the model outputs a search action and
places the corresponding search query within the
<search>...</search> tag. Once the model de-
termines that sufficient evidence has been collected,
it outputs an answer action and places the final an-
swer token o within the <answer>. . .</answer>
tag. In the feedback stage, the external search
engine returns information based on the action
generated by the policy model. If the model
generates a search action, the search engine re-
turns the retrieved results enclosed within the
<information>...</information> tags, which
serve as the feedback tokens c;. When the model
outputs an answer action, the search engine returns
None, and the interaction process terminates.

2.2 Group Relative Policy Optimization

With the interaction process defined, we next intro-
duce the RL optimization framework used to train
the search agent. Recent agentic RL methods com-
monly adopt Group Relative Policy Optimization
(GRPO). (Shao et al., 2024) The core idea of GRPO
is to estimate the baseline through a relative reward
within a group of rollouts. This approach avoids the
need for a value function by computing the relative
advantage of each sample within a group. Given a
question ¢ and G responses {y;}$ ; sampled from

the old policy g ., the GRPO objective is:

old?

G vl
1
Tareo(0) = Eq,ys3mmaa | & ; ; Li — BDxe(mo||er)
€]
where the group-wise clipped loss is defined as:

Li+ =min (w;+Aiz, clip(wie, 1 —€, 14+€)Ait) (2)

and the importance weight w;; and normalized
advantage A;; are given by:

T mean(r)
ST std(r)
3)

_ 7o (Yi | q,Yi,<t)
7T9old(yi,t Q7yi,<t)’

where 7; is the reward assigned to response ¥;, and
[ and € are tunable hyperparameters. During the
training, we focus on learning the ability of deep
reasoning and search. Gradients are propagated
only through tokens generated by the policy model
(i.e., reasoning, search query, and final answer),
while the information returned by the search engine
is masked out to prevent gradient propagation.

3 Methods

The design of reward signals is critical for improv-
ing the learning efficiency and overall performance
of agentic RL (Zheng et al., 2025a; Dong et al.,
2026; Plappert et al., 2018; Zhang et al., 2025c; Shi
et al., 2026; Zhao et al., 2025; Tu et al., 2025b). In
our framework, we combine global and turn-level
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The first search brings up entries about Hanno tied to
Carthage, correctly pointing to the Carthaginian
civilization. The second search query directly yields
the modern country required.The third search is mis-
leading and semantically off (Tunisia is already a
modern country).

Final evaluation: <score> 1, 1, 0 </score>

Figure 3: An example from CriticSearch illustrating the
evaluation process of the Critique model. In this trajec-
tory, the final answer is correct but the whole trajectory
involves a potential mis-leading search action. A frozen
critique LLM, after deliberation, provides accurate bi-
nary rewards for each turn.

rewards for advantage estimation in GRPO. The
global reward, determined by the correctness of
the final answer, measures the overall quality of
the entire reasoning trajectory, while the turn-level
rewards, assigned after each search action, assess
the local quality of individual reasoning steps and
search queries. The following section provides a
detailed description of both reward schemes.

3.1 Global Reward Signal

Following prior work (Jin et al., 2025), in addition
to employing the rule-based outcome reward func-
tion, we incorporate a format reward to construct
the final reward function r4(q, y).

1 if Opred = Ogold A fformal(y)v

ry = 1— Xy if Opred = Ogold A = froma (), 4)
)\f if Opred # Ogold N\ fformal(y)7
0 if Opred 7 Ogold A 7 froma (Y),

where frormat verifies whether the response y fol-
lows the correct reasoning format and properly uses
the special tokens (e.g., <search>...</search>).

For each question z, a set of responses {y; 1%,
is sampled from the policy LLM. Each response
is scored by the reward function r4(q,y) , pro-
ducing a corresponding set of rewards r =
{r1,r2,...,rq}. Following Shao et al. (2024),
these rewards are then normalized by subtracting
the group mean and dividing by the group stan-
dard deviation. The global advantages A7 for all
tokens within the same output are then set to this
normalized value:

;. _ ri—mean(r)
Al =71 = 7Std(r) . 5)

This design ensures that each trajectory shares a
global and base advantage signal across all turns.

3.2 Retrospective Critic: Action Advantage
Estimate

Question
Gold Answer
Turn

B Think Process
Reward: 1
Reward: 0

(
|
| |
|
|
|
|
|

Figure 4: Overview of the Critique LLM. The entire
reasoning trajectory, along with the gold answer, is fed
into the critique LLM, which retrospectively evaluates
each action as either Good or Bad and generates a corre-
sponding turn-level reward sequence after thinking.

We next describe the design of the turn-level
reward model, which provides dense feedback dur-
ing multi-turn reasoning. Given a question z, the
policy LLM 7y samples a multi-turn trajectory

Yi = {(az‘,m Cz‘,t)}tT:p

where a; ; is the action at the turn ¢ and ¢; ; is the
information returned by the search engines in re-
sponse to a; ;. During training, we assume access
to privileged information: the ground-truth answer
0gold and the full trajectory. A frozen critique LLM
Cy takes (x,¥;, 0gold) as input and returns a per-
turn judgment {¢; ;}1 |, ¢;; € {Good,Bad} after
thinking (Fig. 4). In this process, the critique LLM
adopts a retrospective (hindsight) perspective to
evaluate whether each search action has guided the
reasoning toward useful information or, conversely,
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produced misleading or redundant evidence. Based
on this reflection, it judges the quality of each
search action.

We map these judgment to turn-level rewards

o 1, ¥;+ = Good, ©)
bt 0, otherwise,

This yields a reward sequence r{ = {rﬁt}tTil. A
complete scoring example can be found in Fig. 3.
Details of the prompt for the critique LLM Cy can
be found in Appendix F.

To allocate credit across turns, we normalize
per-turn rewards into a turn-level advantage

CL
A, = Tz—t e>0, (7
Zu 1 z K7 te
which avoids numerical issues when all turns are
judged Bad.

This approach provides the model with a form of
hindsight supervision, enabling the critique model
to infer the contribution of each action using the
asymmetric and privileged information that would
not be available during forward decision-making.

3.3 Policy Optimization

Intuitively, A“t provides a dense, hindsight credit
distribution using privileged information, while
ATt preserves the global optimization signal.
Therefore, we adopt GRPO as the backbone al-
gorithm and replace its original advantage function
with a new hybrid advantage during training:

Ay = aAf, + (1 - a)A], (8)

where « is a weighting coefficient that balances the
global advantage A7, and the turn-level advantage

a
Az,t

J0) =

G lyi
ZZ it — B Dk 7To|7rref):|

Eq, {y:}~moa
_ )
where the loss £; ; is defined as:
E .+ = min (wltALt, clip(w; ¢, 1 —¢, 1+6) ) (10)

4 Experiment

4.1 Setup

Training We implement our method based on
the Search-R1(Jin et al., 2025) framework. We con-
duct experiments on two models from the Qwen-
2.5 series (Qwen, 2025a). The policy models are

Qwen-2.5-3B-Base and Qwen-2.5-7B-Base, while
the critique models are Qwen-2.5-3B-Instruct and
Qwen-2.5-7B-Instruct, respectively. The training
dataset is HotpotQA (Yang et al., 2018). More
details on experimental setups can be found in Ap-
pendix B.

Evaluation We evaluate our search agent primar-
ily on four multi-hop Q&A datasets, including Hot-
potQA (Yang et al., 2018), 2WikiMultiHopQA (Ho
et al., 2020), MuSiQue (Trivedi et al., 2022), and
Bamboogle (Press et al., 2023).Since our training
is conducted on the training set of HotpotQA, the
test set of HotpotQA evaluates the in-domain per-
formance, while the test or validation sets of the
other three datasets evaluate the out-of-domain per-
formance. We adopt the canonical Exact Match
(EM) and word-level F1 scores as two evaluation
metrics to ensure fair comparison.

Baselines To effectively evaluate the efficacy of
CriticSearch, we compare it against comprehensive
baselines: 1) Direct Inference: Naive generation
(Wei et al., 2022); 2) Inference with Retrieval:
Search-ol (Li et al., 2025b); 3) Agentic RL: Ex-
isting outstanding reinforcement learning methods
combined with external search engines, including
Search-R1 (Jin et al., 2025), ZeroSearch (Sun et al.,
2025a), ReasonRAG (Zhang et al., 2025b), and
StepSearch (Zheng et al., 2025a).

4.2 Main Results

CriticSearch consistently outperforms all base-
line methods. The main comparative results be-
tween CriticSearch and the baseline methods across
the four datasets are summarized in Tab. 2. Crit-
icSearch consistently outperforms all baselines
on both in-domain multi-hop benchmarks (Hot-
potQA) and out-of-domain benchmarks (MuSiQue,
2WikiMultiHopQA, and Bamboogle), demonstrat-
ing strong robustness and generalization capability.
Comparative case studies of CriticSearch versus
other algorithms on the same question are provided
in Appendix D.

CriticSearch surpasses methods trained with
sparse outcome rewards. Compared to Search-R1
and ZeroSearch, which rely solely on sparse reward
signals during training, CriticSearch achieves sub-
stantially better performance, demonstrating that
incorporating dense, fine-grained rewards effec-
tively improves training efficiency.

CriticSearch surpasses existing dense-reward
methods. While existing dense-reward baselines
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Method HotpotQA° 2Wiki® MuSiQue®  Bamboogle® Average
EM F1 EM FI EM  FI EM FI EM  FI

QOwen2.5-3B-Base/Instruct

Naive Generation 145 237 249 356 1.8 7.9 3.0 8.6 1.1 19.0
Search-ol 240 326 207 309 45 117 31.6 436 | 202 29.7
Search-R1-base 272 361 248 296 81 146 17.6 270 | 194 249
Search-R1-instruct 304 40.1 293 352 120 188 240 344 | 239 321
ZeroSearch-base 260 354 234 281 56 116 96 19.3 | 16.1 23.6
ZeroSearch-instruct  26.5 355 233 278 59 12.1 144 243 175 25.0
StepSearch-base 329 434 339 395 181 273 328 419 | 294 38.0
StepSearch-instruct  34.5 452 320 385 174 261 344 452 | 29.6 383
CriticSearch 414 533 409 481 180 268 368 47.0 | 343 438
QOwen2.5-7B-Base/lInstruct

Naive Generation 187 291 246 352 27 83 123 242 | 146 242
Search-ol 193 288 181 289 53 127 302 427 | 182 283
Search-R1-base 432 547 350 41.1 206 29.0 43.0 545 | 355 4438
Search-R1-instruct 394 502 312 376 181 262 384 50.1 | 31.8 41.0
ZeroSearch-base 294 394 275 324 102 175 258 373 | 232 317
ZeroSearch-instruct  32.5 432 309 370 12.0 204 267 409 | 255 354
ReasonRAG 384 489 43.6 504 128 206 36.0 455 | 32.7 413
StepSearch-base 38.0 493 385 450 21.6 324 467 573 | 362 46.0
StepSearch-instruct ~ 38.6  50.2 36.6 43.1 22,6 312 40.0 534 | 345 445
CriticSearch 442 560 428 50.1 194 281 472 592 | 384 484

Table 2: The main results of CriticSearch. Bold indicates the top-performing result, while underline denotes
the second-best. °/o represents in-domain/out-of-domain benchmarks. We employ critique models with the same
parameter scale as the policy models (i.e. Qwen2.5-3B-Instruct for Qwen2.5-3B-Base and Qwen2.5-7B-Instruct for
Qwen2.5-7B-Base) in CriticSearch training. CriticSearch versus other algorithms on the same question are provided

in Appendix D.

occasionally outperform CriticSearch on specific
datasets (e.g., StepSearch on MuSiQue, Reason-
RAG on 2Wiki), their overall performance still
lags behind that of CriticSearch.

5 Further Analysis

5.1 Accelerate the Convergence of Training

Reward Ratio of Valid Actions
0.5 a=0.50 1.01
a=0.25
— a=0 0.91
0.4
0.84
0.31
0.74
a=0.50
0.24 a=0.25
0.6 — a=0
0 50 100 0 50 100

Training Steps Training Steps

Figure 6: Ablation study on the weight of the turn-
level advantage «. A larger « leads to faster conver-
gence during the training phase.

As shown in Fig. 6, we illustrate the reward curve
and the ratio of valid actions in the early train-

ing stage. We observe that increasing the weight
of the turn-level advantage term in Eq. 8 leads to
faster convergence in the training stages. This phe-
nomenon is intuitive, as even failed reasoning tra-
jectories may contain beneficial actions, whereas
successful ones can still include suboptimal ac-
tions. By incorporating the turn-level advantage,
the model can more precisely assign learning sig-
nals to individual search actions within each tra-
jectory, thereby enhancing the LLLM agent’s search
capability and training efficiency, and ultimately
accelerating overall convergence.

5.2 Mitigating Premature Training Collapse

As shown in Fig. 5, we illustrate the evaluation
scores, gradients, and KL divergence during train-
ing. Under sparse rewards, the algorithm collapses
after around 400 steps, whereas incorporating the
turn-level advantage effectively mitigates this col-
lapse and suppresses abnormal fluctuations in both
the KL loss and gradients, allowing performance
to continue improving.

When training with only sparse outcome re-
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Figure 5: Training stability and performance comparison. CriticSearch effectively constrains both the gradient
norm and the KL loss within a stable range, preventing divergence and ensuring smooth optimization. This improved
stability enables CriticSearch to sustain longer training and achieve higher accuracy.

Method Critique model HotpotQA 2Wiki MuSiQue Bamboogle

Owen2.5-3B-Base

CriticSearch None 38.1 39.0 14.1 32.8
CriticSearch Qwen2.5-3B-Instruct 41.4 40.9 18.0 36.8
CriticSearch  Qwen3-30B-A3B-Instruct-2507 41.9 42.4 18.6 43.2
QOwen2.5-7B-Base

CriticSearch None 41.8 40.0 18.7 40.8
CriticSearch Qwen2.5-7B-Instruct 44.2 42.8 19.4 47.2
CriticSearch  Qwen3-30B-A3B-Instruct-2507 46.1 43.2 20.5 40.8

Table 3: Ablation study on the size of critique LLM. A larger critique LLM yields better performance.

wards, each action within a correct trajectory re-
ceives a reward of 1, while all actions in incor-
rect trajectories receive 0. From the perspective of
turn-level rewards, this introduces a highly noisy
turn-level reward model that may misclassify poor
actions as high-reward or penalize good actions
with low scores. Such noise drives the LLM to opti-
mize toward unreasonable search paths, producing
redundant or inefficient behaviors misaligned with
human preferences. The optimization over noisy
reward signals during training causes the model to
deviate from the human-aligned distribution rep-
resented by the reference model (e.g., Qwen-2.5-
3B-base) (Liu et al., 2024; Wang et al., 2025b).
Consequently, when suboptimal actions receive un-
deservedly high rewards, the model distribution di-
verges from that of the reference model, leading to
a continuously increasing KL loss and, ultimately,
training collapse. Moreover, training with sparse
rewards leads to high variance in the return and ad-
vantage estimates, which further exacerbates insta-
bility during training (Appendix C.2). In contrast,
turn-level rewards provide more accurate supervi-
sion for each search action. By maintaining stable
and informative reward signals throughout training,
they effectively alleviate the collapse phenomenon.

5.3 Ablation study on the Size of Critique

Next, we conduct an ablation to verify whether a
larger critique LLM produces higher-quality dense
rewards, thereby training the policy LLM more ef-
fectively (Tab. 3). We compare three settings for
supervising the same policy model (Qwen2.5-3/7B-
Base): 1) a small critique model (Qwen2.5-3/7B-
Instruct), 2) a larger critique model (Qwen3-30B-
A3B-Instruct-2507 (Qwen, 2025b)), and 3) no cri-
tique model (i.e., no turn-level reward). As shown
in Tab. 3, the policy trained with the larger critique
model achieves higher average performance across
four multi-hop Q&A datasets. These results pro-
vide evidence that a larger critique model provides
more reliable dense feedback and more effectively
assists policy learning, and validating the useful-
ness of the critique model. A detailed analysis of
the accuracy of the trun-level reward is provided in
Section 5.4.

5.4 Accuracy analysis of Critique Model

We sample 20 trajectories and, for each turn within
a trajectory, assigned scores using 1) different cri-
tique models, including Gemini-2.5-pro (Deep-
Mind, 2025), Qwen3-30B-A3B-It, GPT-40 (Ope-
nAl, 2024), and Qwen2.5-7B-It; 2) Monte Carlo
estimates; 3) Outcome Reward (i.e., using the out-
come reward as the turn-level reward), and 4) hu-
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Method HotpotQA 2Wiki MuSiQue Bamboogle Average
Owen2.5-7B-Base
CriticSearch-Sparse 41.8 40.0 18.7 40.8 35.3
CriticSearch-NG 44.9 40.7 19.2 41.6 36.6
CriticSearch 44.2 42.8 19.4 47.2 384

Table 4: Ablation study on the privileged information of the critique LLM. CriticSearch-NG is the variant
where the gold answer is removed from the critique LLM input during training. CriticSearch-Sparse is the variant

trained solely with the outcome reward.

Model-Human Alignment
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0.6 0.54

0.4 0.32
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Figure 7: Alignment Across Dense-Reward Methods.
Higher similarity to human annotations indicates more
accurate turn-level rewards.

man annotations. We then analyzed the agreement
among these scoring methods. Assuming human
annotations as the ground truth, we observe that
larger and more capable critique models exhibit
higher alignment with human judgments. Specifi-
cally, Gemini-2.5-Pro achieves the highest agree-
ment with human annotations, reaching approxi-
mately 80% similarity. Qwen2.5-7B-It achieves a
level of agreement with human scores comparable
to Monte Carlo estimation; however, the Monte
Carlo approach requires many more rollouts to
obtain reasonably accurate estimates and is there-
fore more resource-intensive. Notably, the larger
Qwen3-30B-A3B-It model surpasses the Monte
Carlo approach in its alignment with human an-
notations. In contrast, using the outcome reward
as the turn-level score results in the lowest agree-
ment with human judgments. Further details on
this experiment are provided in Appendix C.3.

5.5 Ablation study on the privileged
information of Critique LLM

To evaluate the effect of privileged information in
the critique LLM (i.e., the gold answer and future
trajectory), we ablated the gold answer from its
input and measured the accuracy of the resulting
turn-level rewards. As shown in Fig. 8, excluding
the gold answer leads to a moderate decline in re-

ward accuracy. Nevertheless, with the benefit of
a retrospective assessment, the critique LLM can
still capture the semantics of the search actions.
Therefore, its turn-level rewards remain more accu-
rate than outcome-based turn-level rewards. Con-
sistently, the ablation results in Table 4 indicate
that removing the gold answer causes some perfor-
mance degradation, yet the model still outperforms
the variant without a critique LLM (i.e., using only
the outcome reward).

Human Alignment w/o privileged information

1.0

---- Outcome Reward
= w/ Gold Answer
w/o Gold Answer

0.8 0.75

0.71 0.70

0.62
0.6

0.4

0.2

0.0

Qwen3-30B-A3B-It GPT-40 Qwen2.5-7B-It

Figure 8: Removing the gold answer from the critique
LLM slightly reduces its alignment with human annota-
tions, indicating a moderate decline in reward accuracy.
The blue dashed line indicates the alignment when using
the outcome reward as the turn-level reward.

6 Conclusion

This paper introduces CriticSearch, a fine-grained
credit assignment method that leverages large lan-
guage models to assist policy training. By intro-
ducing a retrospective critic mechanism, we em-
ploy a lightweight turn-level binary evaluator that
delivers more effective dense feedback while miti-
gating training instability. Extensive experiments
and analyses demonstrate that CriticSearch consis-
tently improves learning efficiency and stability,
highlighting its effectiveness and robustness across
diverse multi-hop Q& A benchmarks.

7 Limitations

The inclusion of the Critique model increases
the memory footprint required for model loading,
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while the additional reward computation introduces
a small amount of extra training overhead com-
pared to GRPO (Appendix C.1). Moreover, the
proposed method has so far been validated only on
search-related tasks with a limited number of rea-
soning turns. Future work may explore reusing the
policy model as the critique model during training
and further explore the method’s effectiveness in
broader agentic RL scenarios.
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A Related Works

A.1 Agentic RL with Search Engines

Recently, Reinforcement Learning has emerged as
a promising framework for enhancing the reasoning
capabilities of large language models, demonstrat-
ing strong proficiency in complex reasoning tasks
(Shao et al., 2024; Guo et al., 2025). To address
the limited access of LLMs to up-to-date external
knowledge, several studies (Jin et al., 2025; Zheng
et al., 2025a; Chen et al., 2025; Zhang et al., 2026)
have explored RL-based approaches that integrate
external search engines to improve information re-
trieval effectiveness. Beyond this, a number of
works aim to further enhance search-agent perfor-
mance from multiple perspectives (Gao et al., 2025;
Sun et al., 2025b). Some methods refine underlying
mechanisms by summarizing previous interactions
to shorten the effective context length (Zhou et al.,
2025b), introducing fine-grained reward functions
for more efficient optimization (Zheng et al., 2025a;
Wei et al., 2025; Zhang et al., 2025a; Qian et al.,
2025), and leveraging multi-agent collaboration
for improved coordination and reasoning (Li et al.,
2025a; Dong et al., 2025). Other studies focus
on optimizing interaction strategies and data uti-
lization. For example, DeepResearch integrates
search agents with real-world search environments
(Zheng et al., 2025b), while ZeroSearch replaces
traditional search engines with LLM-based simu-
lated retrieval, and several works (Sun et al., 2025b;
Gao et al., 2025) investigate improvements in multi-
task settings and with richer data resources. Our
work is similar to StepSearch, introducing a fine-
grained reward mechanism for credit assignment
under sparse rewards. Unlike StepSearch, which
relies on curated ground-truth references for super-
vision, CriticSearch adopts a streamlined, general
framework that leverages the existing strong rea-
soning ability of the LLM to evaluate intermediate
actions and assign credit.

A.2 Reward Models in LLM Reinforcement
Learning

The Reinforcement Learning with Verifiable Re-
wards (RLVR) paradigm (Lambert et al., 2024) has
greatly advanced large language models’ reasoning
in mathematics and code generation, as shown by
recent systems such as Guo et al. (2025), Team et al.
(2025), and Zeng et al. (2025). However, outcome-
based rewards remain inherently sparse, offering
supervision only at the end of reasoning trajecto-

ries. This limitation can reward spurious reason-
ing paths that coincidentally yield correct answers
and cause severe credit-assignment issues (Light-
man et al., 2024), especially in multi-turn agentic
RL where models must coordinate sequential tool
calls. To address these problems, prior research has
explored complementary directions: 1) designing
explicit process-level rewards that score interme-
diate reasoning or tool usage (Qian et al., 2025;
Zheng et al., 2025a). However, such approaches
are often tailored to specific tools or datasets, re-
sulting in limited generalizability. 2) employing
outcome-driven reward inference that propagates
final rewards backward through trajectory group-
ing or branch analysis (Feng et al., 2025b; Dong
et al., 2026). These approaches often suffer from
high variance and require large amounts of roll-
out for stable estimation. 3) employing process
reward model to generate dense reward, including
MT-PPO and PPR. These methods primarily rely
on forward-only heuristic signals and do not ex-
plicitly leverage future information or hindsight.
4) training turn-level critics that provide local su-
pervision for each tool-calling step (Zhou et al.,
2025a; Wang et al., 2025a). Similar to the fourth
approach, our method introduces a lightweight turn-
level binary evaluator that simply labels each tool
invocation as either good or bad, thereby reducing
the risk of reward hacking. Unlike training-based
critics, the evaluator remains frozen during learn-
ing and requires no additional training. This not
only avoids the instability and computational over-
head associated with joint critic optimization but
also eliminates the need for extra training data,
thereby enhancing both efficiency and generaliz-
ability. This design effectively bridges the gap be-
tween sparse outcome supervision and dense step-
level feedback, yielding a more stable and scalable
online RL framework for agentic reasoning.

B Experiment Setups

Our training is conducted on the VeRL(Sheng et al.,
2025) framework. For GRPO training, we set the
group size G to 5 and the policy LLM learning rate
5 x 10~ for all models. The rollout temperature is
set to 1.0 . We train for a total of 800 steps, with a
warm-up ratio of 0.35 . The total batch size, mini
batch size, and micro batch size are set to 128, 64,
and 32 respectively. The entropy regularization co-
efficient and the KL loss coefficient are both set to
le-3, and the PPO clip ratio € to 0.2. To maintain
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Gender Age

e Male mmm Below 20

mmm Female 20-23
mmm 24 and above

Y

Education Experience

Less than 1y
. 1-3y
mmm More than 3y

Undergraduate
s Graduate

Figure 9: Distribution of participants involved in the human evaluation experiment is presented. Each
participant was asked to provide basic information, including gender, age, education level, and experience of Al. We
present the distribution of these information categories in the form of pie charts.

alignment with prior work (Jin et al., 2025; Zheng
et al., 2025a), we use the 2018 Wikipedia dump
(Karpukhin et al., 2020) as the corpus and employ
ES5 (Wang et al., 2022) as the retriever during train-
ing. At each retrieval step, we uniformly sample
k = 3 documents. The maximum context length
is set to 4K tokens, with a maximum of four turns
of searching. The same configuration is adopted
during evaluation.

We set Ay as 0.2 for all experiments. We sweep
the weighting coefficient « € {0.25,0.5,0.75}
and observe that the optimal setting is consistently
a = 0.25 for all models. All training jobs are
conducted on a node with § NVIDIA H100 GPUs.
Early stopping is applied when training collapse is
detected from the reward curve. For the results in
Tab. 2 and Tab. 3, we report either the final check-
point at step 800 or the latest checkpoint before
collapse.

To ensure a fair comparison, we adopt the origi-
nal open-source model checkpoints and their pub-
lished prompt configurations for all baselines. For
consistency, they are evaluated using the same re-
trieval configuration as our agent.

C Additional Results
C.1 Training Cost

Tab. 5 reports the average per-step training time of
different methods. Across various search agents,
we observe that although our approach introduces
an additional retrospective critic mechanism com-
pared with Search-R1, it does not significantly in-
crease the per-step training time. When using a
critique model of the same size as the policy model,

Method Critique model Time
Owen2.5-3B-Base

Search-R1 - 68.4

CriticSearch QOwen2.5-3B-Instruct 79.5

CriticSearch  Qwen3-30B-A3B-Instruct-2507  88.9
QOwen2.5-7B-Base

Search-R1 - 114.7
CriticSearch QOwen2.5-7B-Instruct 110.9
CriticSearch  Qwen3-30B-A3B-Instruct-2507  140.8

Table 5: The training time. We analyze the per-step
training time (s) of different methods. When using a
critique model of the same size as the policy model,
CriticSearch introduces almost no additional training
time compared with Search-R1.

CriticSearch introduces almost no additional train-
ing time compared with Search-R1. Especially
when using Qwen2.5-7B-Base as the policy model
and Qwen2.5-7B-Instruct as the critique model,
CriticSearch even achieves a shorter per-step time
than Search-R1. We attribute this to the fact that
Search-R1 lacks fine-grained rewards to penalize
low-quality actions, leading to redundant and repet-
itive search action during rollouts (Fig. 10), which
in turn increases training time.

The reported training times were measured on
a node equipped with 8 NVIDIA H100 GPUs,
and we follow the same training configurations
described in Appendix B.

C.2 Variance Analysis of Advantage
Estimates

To analyze the variance of the advantage estimates,
we used the same checkpoint (Qwen2.5-7B trained
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Table 6: Variance analysis under different percentile ranges.

Method 0-20%) 20-40%) 40-60%.) 60-80%,) 80-100%.
AT 0.381 0.253 0.250 0.265 0.245
0.75A7 0.214 0.142 0.141 0.149 0.138
0.756A" +0.25A4*  0.137 0.116 0.120 0.121 0.118

with outcome-based GRPO at step 300) to perform
a strictly identical rollout and compared three ad-
vantage formulations: A7, 0.75A7, and our hy-
brid advantage 0.75A7 + 0.25A%. Tokens were
divided into five buckets by log-probability per-
centiles (~130k tokens each) to measure advantage
variance across probability ranges. This allows
us to examine how advantage variance behaves
across different probability regimes, particularly in
the low-probability tail. As shown in Tab. 6, Crit-
icSearch achieves lower advantage variance than
both baselines across all buckets, confirming that
reduction stems from the retrospective critique, not
mere scaling. The effect is most pronounced in
the low-probability bucket (0—20%), where vari-
ance drops by 64% (0.381 — 0.137). This shows
that the process critique effectively prevents low-
probability tokens from receiving extreme, noisy
advantage signals. Since low-probability tokens are
widely recognized as the primary cause of training
collapse in agentic RL (Xue et al., 2025), Critic-
Search successfully improves training stability by
suppressing these fluctuations.

C.3 Accuracy analysis of Critique Model

We sampled 20 trajectories using the SearchR1-
gwen2.5-7b-grpo-v0.3 model. For the Monte Carlo
rearward estimates, we used the same model to roll
out 10 trajectories forward from each action and
took the average as the estimated action reward.
For Gemini-2.5-Pro (DeepMind, 2025) and GPT-
40 (OpenAl, 2024), we adopted the same prompt
(Appendix F) as Qwen2.5-7B-It (Qwen, 2025b) to
perform reward generation.

For human-labeled rewards, we recruited 12 hu-
man evaluators to assess the quality of each action
along the trajectories. Each evaluator was informed
of the purpose of the data collection. Addition-
ally, evaluators were asked to provide basic de-
mographic information to help us understand the
evaluator distribution. The demographic fields in-
cluded gender, age, education, and experience with
Al The distribution of evaluators for each task is

shown in Fig 9

D Case Study

We observe the sampled trajectories during the Crit-
icSearch training process, and representative exam-
ples are presented in Tab. 7, Tab. 8 and Tab. 9.
All cases are obtained from the model trained on
Qwen2.5-7B-Base. In particular, we further com-
pare the trajectory generated by the baseline Search-
R1 and our CriticSearch model on the same ques-
tion, as shown in Fig. 10. Each trajectory contains
multi-turn interactions between the model and the
external search engine. Our CriticSearch method
introduces retrospective critic fine-grained credit
assignment at the process level, where each search
action is judged by an external reasoning-capable
LLM according to its usefulness to the final an-
swer. This dense supervision enables the policy
to assign credit at the step level—encouraging in-
formative searches while penalizing redundant or
misleading ones. As a result, in the later stage, the
model naturally learns to issue concise, logically
progressive queries (e.g., decomposing multi-entity
comparisons or refining layered reasoning chains),
forming more efficient trajectories with minimal
redundancy and stable convergence.

E Algorithm Workflow

In this section, we present a detailed description
of the complete training workflow of CriticSearch
(Alg. 1).
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Question: Who did Lloyd Corrigan or
Percy Adlon begin working in films first?

Ground Truth: Lloyd Corrigan
Search-R1-7B | CriticSearch-7B

:3' Targets the required information

. v
lp Lloyd Corrigan and Percy Adlon film debut ]

g S .
82 Targets the required information

lp Lloyd Corrigan and Percy Adlon film debut ]

@Lloyd Corrigan began working in films in the 1920s

l x # Extract Key Info

@ Lloyd Corrigan began working in films in the 1920s

# Not Recognize
I

Key Info
- = Redundant v Inf ¥ Focused search
v,
lp Lloyd Corrigan film debut year ] ¢ lp Percy Adlon film debut ]
Q) . . Q) - :
@ (Redundant information) @ In 1970, Adlon made his first short film
‘ # Extract Key Info x # Identify Key Info
A® Focused search With Redundancy # Compare Concisely

@' In 1970, Adlon made his first short film

' # Unable to Utilize
e o Retrieved Info
—— Redundant

l @ Lloyd Corrigan and Percy Adlon film debut ]

comparison

Q)
@? (Redundant information)
. # Confirm Final Answer
With Redundancy

I
I
I
|
I
I
I
|
I
I
I
|
.‘[;@) Percy Adlon film debut year ] : Ans: Lloyd Corrigan @
I
I
I
I
I
I
I
I
I
Ans: Lloyd Corrigan @ |

Figure 10: Side-by-side trajectories of Search-R1 (left, generated by SearchR1-gwen2.5-7b-grpo-v0.3) and Critic-
Search (right) on the same query. Each trajectory shows multi-turn interactions with the search engine (actions,
responses, and final answer). Although both Search-R1 and CriticSearch answer the query correctly, our method
(right) uses fewer, more focused queries and reaches a logically structured answer with minimal redundancy.
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Question: When was the college, for which Willie Fritz was
head coach from 2014 to 2015, founded?

Ground Truth: [’1906’]

<think> I need to determine when the college for which
Willie Fritz was head coach from 2014 to 2015 was founded.
</think>

<search> Willie Fritz head coach 2014 to 2015 </search>
<information> Doc 1(Title: "Willie Fritz") From 2014 to
2015, he was head coach at Georgia Southern University...

. </information>
<think> I found information about Willie Fritz and his coach-
ing positions, but I need to determine the founding year of the
college he was head coach at from 2014 to 2015. </think>
<search> Georgia Southern University founded </search>
<information> Doc 1(Title: "Georgia Southern University")
Founded in 1906 as a land grant college, Georgia Southern
is part of the University System... Doc 2(Title: "Georgia
State University") Georgia State University Georgia State
University is a public research university in downtown Atlanta
... Doc 3(Title: "Savannah State University") Savannah State
University was founded as a result of the Second Morrill Land
Grant Act of August 30, 1890. </information>
<think> I found the founding year of Georgia Southern Uni-
versity. </think>
<answer> 1906 </answer>

Table 7: An example from the late stage of CriticSearch
training. The model demonstrates the ability to perform
progressive search actions in a natural manner. Red-
font text denotes valid information; struck-through text

indicates question-independentinformation; and gray

text represents redundant content.

Question: Aftermath was based on a real life midair plane
collision that happened on what date?

Ground Truth: [’1 July, 2002’]

<think> I need to find out when the real life midair plane
collision that Aftermath was based on happened. </think>
<search> Aftermath midair plane collision date </search>
<information> DPee—HTFitle:—"Mid-air—eoHiston'TheUS
Def SafetyC LohtC i established-the-official LS.

Aetof-1958-and-Haterinitiatives: </information>

<think> I found information about midair collisions and their
prevention, but I need to find the date of the specific collision
that Aftermath was based on. </think>

<search> Aftermath movie midair collision date </search>
<information> Doc 1(Title: "Aftermath (2017 film)") The
film is based on the July 2002 Uberlingen mid-air collision...
Doc 2(Title: "Aftermath (2017 film)") Aftermath (originally
titled 478) is a 2017 American drama thriller film directed
by Elliott Lester and written by Javier Gull6n... Doc 3(Title:
"Aftermath (2017 film)") In November 2015, Highland Film
Group sold the film to different international distributors at
the American Film Market. </information>

<think> I found that Aftermath is based on the July 2002
Uberlingen mid-air collision. Now I need to confirm the date
of this collision. </think>

<search> Uberlingen midair collision date </search>
<information> Docl(Title: "2002 Uberlingen mid-air colli-
sion") On the night of 1 July 2002, Bashkirian Airlines Flight
2937, ... Doc 2(Title: "2002 Uberlingen mid-air collision")
It was being flown by two Bahrain-based pilots, 47-year-old
British Captain... Doc 3(Title: "2002 Uberlingen mid-air col-
lision") The Tupolev aircraft continued descending despite
TCAS advisories and that the accident prompted recommen-
dations to upgrade TCAS systems... </information>
<think> I found the date of the Uberlingen mid-air collision.
</think>

<answer> July 1, 2002 </answer>

Table 8: An example from the late stage of CriticSearch
training. After obtaining invalid information in the first
search, the model adjusts its query keywords and con-
tinues the subsequent search process. Red-font text
denotes valid information; struck-through text indicates

question-independentinformation; and gray text repre-

sents redundant content.
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Question: What rock band was formed in Oxford and reached
5 in the UK Charts?

Ground Truth: [’Supergrass’]

<think> I need to determine which rock band was formed in
Oxford and reached number 5 in the UK Charts. </think>
<search> rock band formed in oxford reached number 5 in
the uk charts </search>

<information> Doc 1(Title: "Oxford") The most notable
Oxford act is Radiohead, who all met at nearby Abingdon
School, though other well known local bands include Super-
grass... Doc 2(Title: "The Oxford Circle")The Oxford Circle
was an American garage rock and psychedelic rock band from
Davis... Doc 3(Title: "Oxford") Bands from over 30 years of
the Oxford music scene’s history feature in the documentary
film ""Anyone Can Play Guitar?"". </information>
<think> I found information about different bands from Ox-
ford, but I need to find the specific band that reached number
5 in the UK Charts. </think>

<search> Radiohead reached number 5 in the uk charts
</search>

<information> Doc 1(Title: Radiohead) ""Street Spirit""
placed Radiohead in the top five for the first time... Doc 2(Ti-
tle: Radiohead) Radiohead are an English rock band from
Abingdon, Oxfordshire, formed in 1985... Doc 3(Title: "Ra-
diohead discography") ""Amnesiac"", Radiohead’s fifth studio
album, was released in June 2001, topping the UK charts and
producing successful singles including... </information>
<think> I found that Radiohead is a rock band from Abing-
don, Oxfordshire, not Oxford, but they reached number 5
in the UK Charts with the song "Street Spirit (Fade Out)".
</think>

<search> Supergrass reached number 5 in the uk charts
</search>

<information> Doc 1(Title: "Supergrass")The band’s debut
album, ""I Should Coco"" (May 1995), which entered the
UK Albums Chart at number one. The album’s fourth single,
the double A-side release ""Alright""/""Time"", stayed in the
UK Top Three for a month, peaking at number two ... Doc
2(Title: "Supergrass")Supergrass Supergrass were an English
rock band, formed in 1993 in Oxford. Fhe-band-consisted-of
brothers-Gaz... Doc 3(Title: "Supergrass")The record entered
the UK albums chart at number four and has since gone gold
in the UK. </information>

<think> I found that Supergrass, a rock band from Oxford,
reached number 5 in the UK Charts with the song "Alright".
</think>

<answer> Supergrass </answer>

Table 9: An example from the late stage of CriticSearch
training. The policy model demonstrates improved
search reasoning and evidence localization ability. Red-
font text denotes valid information; struck-through text

indicates question-independentinformation; and gray

text represents redundant content.

Algorithm 1 Training Stage of CriticSearch

Require: Policy model 7y, Reference model 7,
Frozen critic C'4, Training dataset D, Hyperpa-
rameters Ay, o, 3, €, €

Ensure: Optimized policy 7

1: # Rollout
2: Sample a batch Dy, from D
3: for each question ¢ € Dy do
Sample G responses {y; 17, ~ my(q)

&

5

6:  # Estimate Global Advantage

7. for each response y; do

8 Compute outcome reward r; = 74(q, ;)
9

:  end for
10:  for each response y; do
11: Compute global advantage A7, via Eq. 5
12:  end for 7
13:

14:  # Estimate Turn-level Advantage
15:  for each response y; do

16: Obtain per-turn judgments {/;;}1 ; =
Cs(q, i, 0gold)

17: Map to binary rewards r7', by Eq. 6

; A1 advants T

18: Compute turn-level advantage { A{,};_;
using Eq. 7

19:  end for

20:

21:  # Hybrid Advantage

22:  Compute Hybrid Advantage i,f via Eq. 8.

23: end for

24:

25: # Policy Optimization

26: for step j < 1to M do

27.  Update mp with Eq. 9, where per-token loss
E@t is computed by Eq. 10

28: end for

29: return 7y
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Which one is further west in the United States,
Ketchikan International Airport or Watertown
International Airport?

6round Truth: Ketchikan International Airport

<think> I need to determine which airport, Ketchikan
Watertown, is further west in the United States.
</think>
<search> Ketchikan International Airport west locatio
</search>

I

\d
~
L4

(

<mfcrmahon>
Kefchtkan Airport is located in Alaska... </information>

e

(<think> T found information about Ketchikan
International Airport, but I need to find out about
Watertown International Airport. </think>
<search> Watertown International Airport west

\ Jocation </search>

.

)‘>_)

Cmformaﬁom

Watertown International Airport is a county-owned,
public-use airport located in Jefferson County, New
\Yor‘k ... </information>

AN

c‘rhink) I found information about Watertown
International Airport. Now I need to compare the
locations of both airports. </think>

<search> location of Ketchikan and Watertown

\comparison </search>

(. o )
<information>

Watertown International Airport is a county-owned,

public-use airport located in Jefferson County, New

\Yor'k ... </information> )

thinlo I compared the locations of both airports and )
found that Ketchikan is in Alaska, while Watertown is in
New York. Alaska is further west than New York.
</think>  <answer> Ketchikan International Airport

</answer>
EM Score: 1.0
.

J

The first search establishes where Ketchikan is Alaska
and is useful toward determining which airport is
further west. The second search query identifies the
comparison airport's state/region(New York), which is
directly relevant to the west-east comparison. The
third is redundant given searches 1 and 2; it does not
add new, comparative evidence.

Final evaluation: <score> 1, 1, 0 </score>

Figure 11: An example from CriticSearch illustrating
the evaluation process of the Critique model. In this
trajectory, the final answer is correct but the whole tra-
jectory involves a redundant search action. A frozen
critique LLM, after deliberation, provides accurate bi-
nary rewards for each turn.
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F Template

Prompt 2: Reward Prompt

Please analyze whether each search process is good or bad, and include the final evaluation result
within a <score>...</score> tag. If it is good, output 1; if it is bad, output 0. For example, if
there are two actions, output <score>1, 1</score>; if there are four actions, output <score>1, 0, 0,
1</score>. When making judgments, strictly follow these rules:

1. If the "search" action contributes to the final answer or provides partially useful
information, it is good.

2. If the "search" action provides redundant information, or repeats a search that has already
been done, it is bad.

3. If the "search" action points to the wrong search direction or misleading information, it is
bad.

4. If the "search" action results in incorrect information due to unclear expression, it is bad.

5. Do not evaluate the "answer" actions, only evaluate the "search" actions.

6. If there are no search actions in the entire trajectory, only return <score></score>.

7. Only evaluate valid "search" actions (queries that contain <search>...</search> and receive
<information>...</information> feedback afterward).

8. The final number of scores must match the number of "search" actions.

9. Ultimately, first provide a detailed analysis of the search process, then enclose the
evaluation results within a <score>...</score> tag.

HHHHHHEHAHAHHEHAHHAEHA
HHHHHHEHEHA A
Golden answers: {Ground truth}
Extracted answer: { Answer}

Solution string: {Solution Trajectory}
A
HHHHEHAHAHAHHEHARRREHA

Please conduct a detailed analysis.
The final number of scores should be consistent with the number of search actions.
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