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Abstract

Large Language Model (LLM)-based search
agents have demonstrated superior perfor-
mance in knowledge-intensive tasks through
interleaved reasoning and search interactions.
Process Reward Models (PRMs) can enhance
search agent performance by guiding step se-
lection during inference. However, existing
PRMs for search agents face a critical bottle-
neck: assessment unreliability in their training
data. This issue stems from an over-reliance
on single-source supervision, forcing a com-
promise between global solvability and local
validity. We propose CoPRM (Collaborative
Process Reward Model), a process reward
model trained on high-quality preference data
generated through our Collaborative Calibra-
tion methodology. This approach synthesizes
immediate quality assessments with outcome-
informed evaluations through a dual-strategy
mechanism: strictly enforcing consensus fil-
tering to eliminate unreliable signals, and em-
ploying an outcome-informed gating mecha-
nism to resolve heterogeneous cross-type trade-
offs. Trained on 10k preference pairs, CoOPRM
provides plug-and-play test-time guidance, en-
abling diverse search agents to achieve con-
sistent performance improvements across four
multi-hop QA benchmarks, demonstrating sub-
stantial gains, robust cross-domain generaliza-
tion, and superior efficiency.!

1 Introduction

To address the limitations of Large Language Mod-
els (LLMs) (Chowdhery et al., 2023; Zhao et al.,
2026) in multi-step reasoning tasks requiring ac-
cess to evolving knowledge or out-of-domain in-
formation (Ji et al., 2023), integrating LLMs with
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Figure 1: Illustration of CoPRM. Existing PRMs for
search agents suffer from assessment unreliability due
to single-source supervision, while CoPRM synthesizes
immediate quality with outcome-informed signals to
ensure precise strategic guidance.

search engines has emerged as a promising solu-
tion (Jin et al., 2025a; Zheng et al., 2025b; Xiang
et al., 2025). This integration enables LLMs to
iteratively acquire necessary knowledge during rea-
soning, giving rise to LLM-based search agents
that dynamically interact with external knowledge
sources (Gao et al., 2025b; Singh et al., 2026). Al-
though extensive research on training methodolo-
gies (Asai et al., 2024; Song et al., 2025; Chen et al.,
2025b; Jin et al., 2025b) has significantly enhanced
the capabilities of these agents, they still struggle
to distinguish the optimal step among generated
candidates during inference, leading to suboptimal
reasoning paths.

Process Reward Models (PRMs) offer a com-
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pelling avenue to address this challenge by pro-
viding test-time guidance to steer models toward
accurate problem-solving trajectories (Zhang et al.,
2025b). Unlike mathematical PRMs that verify in-
ternal logical deductions based on binary correct-
ness (Zheng et al., 2025a), PRMs for search agents
must evaluate the strategic utility of complex exter-
nal interactions (Gao et al., 2025b). This requires
distinguishing between logically valid steps based
on information gain and making nuanced cross-
type decisions (e.g., determining when to search
Versus answer).

However, developing effective PRMs for search
agents is constrained by assessment unreliability
stemming from single-source supervision. As illus-
trated in Figure 1(a), current approaches typically
depend on either Monte Carlo (MC) estimation or
LLM-based annotators. Methods relying on MC
estimation (Sun et al., 2025c¢; Feng et al., 2025) use
ground-truth outcomes to ensure global solvability
but fail to penalize logical gaps by indiscriminately
rewarding speculative steps. Conversely, LLM-
based annotators (Xiong et al., 2026; Jiang et al.,
2025) offer dense evaluations of local validity. Cru-
cially, without objective execution feedback, they
are prone to hallucination, frequently endorsing
plausible but futile steps due to inherent plausibility
bias. These unreliable signals prevent PRMs from
learning accurate value functions. As illustrated
in Figure 1(b), this results in misguidance during
inference: outcome bias leads to hallucinated short-
cuts, while plausibility bias drives the agent into
inefficient search loops. Beyond data limitations, a
structural barrier persists: the lack of a unified step
definition renders existing methods incompatible
with the reasoning loop of outcome-based Rein-
forcement Learning (RL) agents (Lin et al., 2025),
precluding "plug-and-play" guidance and leaving
their test-time scaling largely unexplored.

To bridge these gaps, we propose CoPRM
(Collaborative Process Reward Model), a PRM
designed to provide plug-and-play guidance for
diverse search agents. We introduce a Collabora-
tive Calibration methodology that generates high-
quality preference data through a dual-strategy
framework. To eliminate unreliable signals in
same-type (search-search or answer-answer) com-
parisons, we strictly enforce consensus filter-
ing, retaining only pairs where immediate quality
and outcome utility agree. To resolve heteroge-
neous cross-type (search-answer) trade-offs, we
employ an outcome-informed gating mechanism

using objective ground-truth evidence to determine
whether information sufficiency warrants termina-
tion. Trained on this calibrated data, CoPRM de-
livers precise strategic guidance to navigate search
agents toward optimal paths.

Extensive experiments demonstrate that CoPRM
successfully translates this high-quality data into
superior inference guidance. CoPRM provides ef-
fective plug-and-play guidance, achieving consis-
tent performance gains across diverse search agents
without agent-specific retraining. Moreover, Co-
PRM exhibits superior efficiency, achieving robust
performance with 10k training samples and reduc-
ing average task completion iterations by 12.9%.

2 Related Work

LLM-Based Search Agents. While Large Lan-
guage Models demonstrate strong reasoning capa-
bilities (Gemini Team, 2025; Zhang et al., 2026),
they still encounter knowledge bottlenecks that
lead to hallucination during complex reasoning pro-
cesses (Li et al., 2024b; Sun et al., 2025b). To ad-
dress this limitation, researchers have developed
LLM-based search agents that can invoke retriev-
ers as tools, enabling dynamic interaction with
external knowledge through iterative search and
reasoning (Gao et al., 2025b; Singh et al., 2026).
These search agents can be categorized into three
main paradigms based on their training methodolo-
gies: prompt engineering approaches (Yao et al.,
2023; Trivedi et al., 2023; Li et al., 2025), Super-
vised Fine-Tuning (SFT) on high-quality trajecto-
ries (Asai et al., 2024; Schick et al., 2023), and
Reinforcement Learning (Kaelbling et al., 1996)
approaches (Song et al., 2025; Chen et al., 2025b;
Jin et al., 2025b). However, these optimization ap-
proaches primarily focus on the training phase and
lack attention to inference-time scaling.

PRMs for LLM-Based Search Agents. Recent
advancements have adapted PRMs to knowledge-
intensive tasks. A prominent line of research ne-
cessitates model-specific Monte Carlo Tree Search
(MCTS) sampling to collect extensive PRM train-
ing data, distinguished by their step-wise annota-
tion strategies: employing either MC estimation
(Sun et al., 2025c; Feng et al., 2025) or LLM-based
labeling (Jiang et al., 2025). Conversely, RAG-
Gym (Xiong et al., 2026) adopts a framework es-
chewing MCTS integration, where a critic trained
on LLM-annotated steps guides actor reasoning.
However, these approaches face limitations: re-



liance solely on LLM annotations or MC estima-
tion introduces assessment unreliability, and model-
specific effectiveness prevents generalization. A
detailed discussion of related work on PRMs and
test-time scaling is provided in Appendix L.

3 Preliminary

To facilitate our study, we present a unified formal-
ization that captures the essential mechanisms of
search agents (Jin et al., 2025a). We define the state,
action, process units, and the reasoning process as
follows:

State space S: A state s; € S at time step ¢
consists of:

st = (Q, Hy), )

where () is the initial query and H, is the history
of thoughts, searches, and retrieved results prior to
time step ¢.

Action space A: At each time step ¢, the agent
can perform one of two types of actions a; € A:

2

{<search>qt</ search>
ar =

<answer>ans;</answer>

The search action generates a search query ¢; to
retrieve relevant external information. The answer
action produces a final response ansy.

Process unit (i.e., step) P: Each process
unit p; combines a reasoning step 1y =
<think>Think(s; )</think> with an action:

bt = (Tt, at)- 3)

We distinguish between two types of process units
based on the action type: search steps where a; is
a search action, and answer steps where a; is an
answer action.

The agent operates by iteratively executing pro-
cess units. At each time step ¢, the agent may
generate k candidate steps to form the candidate
set P, = {p},...,pf}, where each p} is either a
search step or an answer step. We denote the search
step subset as Pts C P, and the answer step subset
as P/ C P;. The agent selects one candidate to
execute. If a search step is selected, the process
continues to the next iteration with updated state; if
an answer step is chosen, the process terminates.

4 Method

This section develops our CoPRM framework for
enhancing search agent reasoning through process-
level guidance. As shown in Figure 2, the frame-
work consists of two main components: (a) a Col-
laborative Calibration methodology for generating
high-quality preference data by synthesizing imme-
diate quality signals with outcome-informed sig-
nals, followed by PRM training on this data, and
(b) a guided inference process that leverages the
trained CoPRM to select the optimal step during
search agent reasoning.

4.1 CoPRM Training Data Collection

Our CoPRM requires training data in the form of
preference pairs (s¢, p;", p; ), where s; represents
the current state and pf ,p; are the preferred and
less preferred candidate steps. To obtain preference
data for effective training, we propose a collabo-
rative reward mechanism that synthesizes immedi-
ate quality signals with outcome-informed signals
through Collaborative Calibration. As shown in
Figure 2(a), our data generation methodology im-
plements this mechanism through three carefully
designed stages (detailed in Appendix H):

Stage 1: State Generation and Immediate Qual-
ity Assessment. To collect a diverse set of states
s¢ and their corresponding candidate steps P; for
our training data, we employ a ranker-guided iter-
ative framework that simultaneously provides im-
mediate quality assessments. At each time step,
the search agent generates a set of candidate steps
P;. A ranker then evaluates each candidate pi € P
based on the quality of its analytical reasoning and
the appropriateness of the proposed action within
the current context. The highest-ranked candidate
is selected to advance the state, thereby ensuring
the exploration of high-quality trajectories. This
ranking order naturally defines our immediate pref-
erence function, G(p, p!) (denoted as G;;). We
establish a unified convention for all preference
functions employed in this work—Immediate (G),
Outcome-Informed (O), and Final Collaborative
(Pref): each returns +1 if p} is preferred, —1 if p;
is preferred, and O if they are equivalent.

Stage 2: Outcome-informed Evaluation. While
Stage 1 provides immediate quality signals, our col-
laborative reward mechanism additionally requires
outcome-informed signals to capture the long-term
effectiveness of candidate steps. Since search steps
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Figure 2: Overview of the CoPRM Framework: (a) a Collaborative Calibration methodology generates high-quality
preference data by synthesizing immediate quality signals with outcome-informed signals for PRM training, and (b)
a guided inference process leverages the trained CoPRM to select the optimal step during search agent reasoning.

and answer steps have fundamentally different char-
acteristics in terms of outcome evaluation, we com-
pute outcome-informed signals differently based
on step types.

Ground Truth (GT) F1 Scoring for Answer Steps.
For answer steps, we can directly evaluate their
outcome-informed signals through ground truth
comparison. Let F1(p{, ans®™) represent the F1
score between the generated answer in answer step
p¢ and the ground truth answer ans*, which pro-
vides an objective measure of the answer step’s
contribution to final success.

Monte Carlo Rollouts for Search Steps. For
search steps, direct comparison with ground truth
answers is not feasible since they do not produce fi-
nal answers. Therefore, we estimate their expected
outcome value through rollout-based evaluation.
For each search step pj, we perform NN rollouts
where the agent generates subsequent steps until a
final answer is produced. Each rollout j yields a fi-
nal answer ans;. The rollout-based value estimate
V (s, pi) is defined as the MC estimated success
rate over all rollouts, where a rollout is considered
successful if its final answer’s F1 score exceeds a

threshold 7:
1 N
V(sta pt N Z [Fl(ansj,ans*)>T]s 4)

where ans® is the ground truth answer and 1,
is the indicator function (1 if condition holds, O
otherwise). '

Similarly, let O(p}, p]) (denoted as O;;) repre-
sent the outcome-informed preference. For nota-
tional brevity, let ij = (pi € PP) A (p] € PP)
and C;;‘» = (pi € PA) A (p! € P/) denote same-
type conditions. For same-type pairs:

V(se,p})) %

Fl(pl,ans*)) Cf}’ ©)

Os_a_me _ Slgn(v(stvp%) -
sign(F1(p;, ans™) —

where sign(-) is the sign function that returns
{-=1,0,+1}. ‘
For cross-type pairs where pi € P and p] €
PtA, we evaluate whether the answer step’s quality
warrants termination:

1 ifFl(p),ans*) < 0

—1 otherwise

Omjxed —

(6)

Stage 3: Preference Construction via Collabora-
tive Calibration. Having established immediate



quality signals and outcome-informed signals, we
now integrate these signals to generate the final
preference dataset. At each state sy, the candidate
set P, may contain both search and answer candi-
dates. Our Collaborative Calibration applies differ-
ent strategies based on step types: for same-type
pairs, we require consensus between both signals;
for cross-type pairs (search vs. answer), we rely
solely on outcome-informed evaluation via a gating
mechanism (Eq. 6), as neither immediate quality
assessment nor direct outcome score comparison is
reliable across heterogeneous step types.

The final preference Pref,; for any distinct pair

P, p{ € P, is computed based on step types. When
Pref;; = 0, the pair is discarded.

+1 Gy >0A08™ >0, C or Cij
-1 Gij <OAOF™ <0, C or Ci
O;nj]XEd pi € PP, pl e P ’
0 otherwise

Prefij =

@)

4.2 CoPRM Training

We train CoOPRM r, by fine-tuning pre-trained lan-
guage models using the preference dataset D where
each preference pair (s;, p;", p; ) is rigorously cal-
ibrated: enforcing consensus for same-type steps
and resolving cross-type trade-offs via outcome-
informed gating. We optimize the parameters ¢
using a pairwise ranking loss (Ouyang et al., 2022):

Lprm () = _E(st,pj,p;wD [loga(w(st,pf)

3

—ra(s1,p0)]-

This loss optimizes 7 to prioritize steps that

balance local reasoning validity with global contri-

bution to the final success, ensuring precise assess-
ment of strategic value.

4.3 CoPRM-Guided Search Agent Inference

Our CoPRM, denoted as 74 and trained via the
methodology in Section 4.2, guides the agent’s
candidate step selection at each iteration (see de-
tailed algorithm in Appendix J). As depicted in
Figure 2(b), the guided inference process generates
a trajectory (p},p3,...,p5), where T denotes the
termination step (1" < Tihax). At each step ¢, the
process works as follows:

(1) For the current state s;, the agent generates
candidate steps to form P;.

(2) CoPRM scores each candidate step and selects
the optimal one for execution:

g . 9
p; = argmax r6(5¢, D) 9)

(3) If pj is an answer step, set 7' = ¢ and terminate
with final answer.

(4) Otherwise, update state: s;41 = s; D
(pf, Retrieved(p;)), and continue to step ¢ + 1.

5 Experiments

5.1 Experimental Setup

Datasets. Our preference dataset is constructed
exclusively from the HotpotQA training set (Yang
et al., 2018). For evaluation, we assess in-
domain performance on the HotpotQA dataset. To
evaluate out-of-domain generalization, we utilize
three multi-hop question answering (QA) datasets:
2WikiMultihopQA (Ho et al., 2020), MuSiQue
(Trivedi et al., 2022), and Bamboogle (Press et al.,
2023). Following R1-Searcher (Song et al., 2025),
we randomly sample 500 examples from the vali-
dation sets of HotpotQA, 2WikiMultihopQA, and
MuSiQue, while using the complete test set for
Bamboogle. We further evaluate CoPRM on
BrowseComp-Plus (Chen et al., 2026), a fixed-
corpus benchmark for multi-step web research.

Evaluation Metrics. We evaluate model perfor-
mance using two categories of metrics: lexical
matching and semantic evaluation. For lexical
matching, we use Exact Match (EM) and F1 score.
For semantic evaluation, following Chen et al.
(2025b), we employ Qwen2.5-72B-Instruct (Yang
et al., 2024) as a judge (LJ) (Li et al., 2024a) to
evaluate the semantic correctness of final answers
against ground truth. For BrowseComp-Plus, we
report answer accuracy and evidence recall, with
further evaluation details provided in Appendix I.

Baselines. Our evaluation includes three types
of baselines to comprehensively assess CoOPRM’s
effectiveness:

Foundational Baselines: We compare against:
Naive Generation, Naive RAG, Iter-RetGen (Shao
et al., 2023), IRCoT (Trivedi et al., 2023), and
Search-o1 (Li et al., 2025).

Search Agent Baselines: We evaluate CoOPRM’s
guidance effectiveness across search agents imple-
mented through different training paradigms: (1)



Method HotpotQA 2WikiMultihopQA MuSiQue Bamboogle Average

| EM FI L] | EM FI L] | EM FI L] | EM FI L] | EM FI L]
Qwen2.5-7B-Instruct (Foundation Baselines)
Naive Generation | 18.60 26.12 31.20|25.20 29.63 27.80| 3.20 11.25 12.40|10.40 19.02 22.40| 14.35 21.50 23.45
Naive RAG 33.20 44.07 51.00|23.20 30.61 29.60 | 6.60 13.62 17.00|20.00 29.23 36.00 | 20.75 29.38 33.40
Iter-RetGen 35.60 46.03 53.80|24.80 30.82 30.20 | 9.40 17.25 18.80|21.60 29.30 36.00 | 22.85 30.85 34.70
IRCoT 30.60 42.11 52.00| 18.00 26.36 29.80 | 7.00 14.45 20.00|25.60 36.80 45.60 [ 20.30 29.93 36.85
Search-ol 37.20 48.48 57.00 | 36.00 43.22 43.60 | 16.60 26.20 30.00 | 34.40 46.37 52.80 | 31.05 41.07 45.85
PE-ReSearch™
+Greedy 24.00 37.32 59.40123.20 34.35 46.00 | 13.80 22.68 29.60|21.60 35.35 48.80 | 20.65 32.43 4595
+SC 3740 46.99 57.40|38.60 46.39 49.00 | 17.40 26.60 30.20 | 36.80 47.54 50.40 | 32.55 41.88 46.75
+GymPRM 27.40 38.48 56.40|26.60 3599 40.60 | 15.80 24.31 28.00|33.60 4593 52.80 |25.85 36.18 44.45
+RePRM 28.20 37.45 5240|3040 37.79 40.40|11.40 20.62 25.20|28.00 40.79 48.00 | 24.50 34.16 41.50
+CoPRM 36.60 47.82 60.00 | 39.60 47.98 49.20 | 21.80 31.37 35.00 | 44.80 56.02 60.80 | 35.70 45.80 51.25
ReSearch®"
+Greedy 4540 56.77 66.80|48.80 54.56 56.20|23.80 35.47 38.20 | 44.80 57.41 58.40|40.70 51.05 54.90
+SC 4420 56.71 65.20|49.00 55.14 56.60 | 26.00 37.92 40.80 | 45.60 56.45 58.40 |41.20 51.56 55.25
+GymPRM 46.80 58.43 67.20|47.40 54.32 54.60 |24.40 35.82 38.60 | 46.40 57.89 58.40 |41.25 51.62 54.70
+RePRM 41.60 53.49 62.00|44.20 49.45 50.40|22.20 33.08 36.00 |48.80 57.70 60.80 | 39.20 48.43 52.30
+CoPRM 49.00 61.56 72.20 | 51.80 58.28 59.40 | 26.00 38.01 41.40 | 52.80 63.70 66.40 | 44.90 55.39 59.85
Search-R1%F
+Greedy 47.60 59.40 67.80|42.00 47.32 46.80|23.80 33.90 36.20 | 42.40 54.58 56.80|38.95 48.80 51.90
+SC 4520 57.59 65.40|40.80 4598 46.60|24.40 33.35 36.80 |44.00 56.03 57.60 | 38.60 48.24 51.60
+GymPRM 46.60 58.71 64.60 | 43.00 48.64 47.80|25.60 34.39 36.80 |44.80 56.74 58.40 | 40.00 49.62 51.90
+RePRM 4440 56.08 64.00|40.20 46.00 45.80|24.60 32.37 35.80|41.60 55.11 56.00|37.70 47.39 50.40
+CoPRM 48.20 60.50 68.60 | 43.40 49.04 49.60 | 25.40 34.92 39.00 | 49.60 62.31 64.80 | 41.65 51.69 55.50
R1-Searcher®"
+Greedy 44.00 56.24 62.60 | 46.60 52.76 53.00 | 25.20 33.64 37.60 | 45.60 56.52 60.00 | 40.35 49.79 53.30
+SC 4440 57.15 63.20|47.80 53.19 53.60|25.20 33.29 36.80 |43.20 55.04 58.40 | 40.15 49.67 53.00
+GymPRM 4420 57.12 64.80|50.00 56.00 56.40 | 21.40 30.79 35.20 | 44.80 56.71 59.20 | 40.10 50.16 53.90
+RePRM 41.80 53.98 60.00|45.00 50.81 51.60|20.40 28.59 31.60 |44.80 55.73 59.20 | 38.00 47.28 50.60
+CoPRM 46.80 60.61 69.40 | 48.80 56.27 56.80 | 26.20 36.64 40.00 | 41.60 53.42 58.40 | 40.85 51.74 56.15
RS-ReSearch®"!
+Greedy 46.60 58.99 68.20|51.80 58.14 59.20 | 26.00 36.48 40.40 | 47.20 58.82 59.20|42.90 53.11 56.75
+SC 46.00 58.11 67.20|52.40 58.97 58.60 | 24.60 34.80 36.60 | 46.40 59.00 59.20 | 42.35 52.72 55.40
+GymPRM 47.00 60.19 68.60 | 50.00 56.45 57.40|22.60 33.99 37.80|45.60 56.92 59.20|41.30 51.89 55.75
+RePRM 43.40 54.60 62.20|48.80 54.99 56.20 |20.60 31.38 35.00 | 44.80 55.76 60.00 | 39.40 49.18 53.35
+CoPRM 50.20 63.38 71.80 | 52.40 58.69 59.00 | 25.80 37.38 41.20 | 49.60 59.73 63.20 | 44.50 54.80 58.80

Table 1: EM (%), F1 (%), and LJ (%) results on QA benchmarks. All PRM variants are based on Llama. Results
for Qwen-based PRMs are provided in Appendix A. The best result in each section is in bold, the second-best is
underlined. PF = Prompt Engineering, SFT = Supervised Fine-Tuning, R = Reinforcement Learning.

Prompt Engineering: PE-ReSearch; (2) Super-
vised Fine-Tuning: RS-ReSearch; (3) Reinforce-
ment Learning: ReSearch (Chen et al., 2025b),
R1-Searcher (Song et al., 2025), and Search-R1
(Jin et al., 2025b). PE-ReSearch is our imple-
mentation of a prompt-engineering based search
agent, using prompts consistent with ReSearch
(Chen et al., 2025b). RS-ReSearch is fine-tuned on
successful reasoning paths selected via rejection
sampling from all reasoning trajectories generated
during the data collection process described in Sec-
tion 4.1.

Inference-Time Guidance Baselines: We com-
pare CoPRM against existing inference-time guid-
ance methods: (1) Greedy; (2) Self-Consistency
(SC) (Wang et al., 2023); (3) GymPRM (Xiong
et al., 2026); and (4) RePRM (Sun et al., 2025¢).
Implementation details for all baselines are pro-
vided in Appendix G.

We quantify the guidance capability of CoPRM
across diverse agent types and datasets by pair-

ing each search agent with different inference-time
guidance methods while keeping the base agent
architecture constant.

Implementation Details. We employ ReSearch-
Qwen-7B-Instruct (Chen et al., 2025b) to filter
the HotpotQA training set via 8-round rollouts,
yielding 654 questions with both successful and
unsuccessful reasoning paths. From these ques-
tions, we collect our preference dataset of 10,000
preference pairs via the methodology in Section 4.1
(with 7 = 0.75, 8 = 0.5 and k£ = 10; see Ap-
pendix C for sensitivity analysis), using the same
agent as the state generator and QwQ-32B (Qwen
Team, 2025b) as the LLM ranker. For the PRM
backbone, we primarily use Llama-3.1-8B-Instruct
(Llama) (Llama Team, 2024) in Table 1, and addi-
tionally train on Qwen2.5-7B-Instruct (Qwen) to
verify generalization (Appendix A). For the search
agent backbone, prompt-engineering agents use
Qwen2.5-7B-Instruct, and SFT-based agents are



‘ PE-ReSearch™ ‘ ReSearch®" ‘ Search-R1Rt ‘ R1-Searcher®" ‘ RS-ReSearch’T

Method
‘ Acc Rec ‘ Acc Rec ‘ Acc Rec ‘ Acc Rec ‘ Acc Rec
Greedy 2.29 2.28 205 3.05 | 206 250 | 0.72 2.18 3.49 2.88
SC 2.05 2.09 398 414 | 1.69 244 1.93 2.73 3.37 2.70
GymPRM | 1.81 1.64 325 414 | 1.69 2.07 2.17 2.31 2.05 1.80
RePRM 0.84 0.57 349 417 | 1.57 2.10 1.45 1.30 2.05 1.28
CoPRM 3.37 2.45 446 454 | 229 276 3.98 3.50 3.61 3.10

Table 2: Answer accuracy (%) and evidence recall (%) results on BrowseComp-Plus across five search agents. For
each agent and metric, the best result is in bold, and the second-best is underlined.

Method HotpotQA

2WikiMultihopQA

MuSiQue Bamboogle Average

| EM FI L] | EM FI

LI | EM  FI

LI | EM FI LI |EM Fl L

Collaborative Calibration |49.00 61.56 72.20 | 51.80 58.28

59.40 | 26.00

38.01 41.40|52.80 63.70 66.40 | 44.90 55.39 59.85

Single-Signal Reward (Non-Collaborative)

Immediate 46.60 58.82 68.40
Search MC 45.00 58.17 68.40
Answer F1 4420 56.05 64.00
Search MC U Answer F1 [48.20 60.41 69.00

48.00
45.80
46.80
48.00

54.37
52.83
52.77
54.12

55.80|26.40
53.40(25.20
53.00|21.80
55.60|25.80

41.60
41.20
36.20
39.20

57.25
54.75
52.90
56.55

48.00
41.60
44.00
49.60

61.14
53.48
55.25
58.13

42.25
39.40
39.20
42.90

53.08
50.61
49.13
52.31

37.97
37.94
3243
36.59

63.20
56.00
58.40
62.40

Collaborative Signals (Requiring Consensus)
Immediate A Answer F1 |44.20 56.12 64.60
Immediate A Search MC [48.40 61.44 69.60

48.40
50.80

54.52
56.74

56.40|26.00
58.20

55.20
57.75

37.07
37.10

39.00
40.00

45.60
50.40

58.90
61.57

60.80
63.20

41.05
43.60

51.65

24.80 54.21

Table 3: Ablation study for Llama-based PRMs comparing the performance of PRMs trained with different
preference data collection strategies when guiding ReSearch reasoning (Qwen-based results in Appendix B.1).

fine-tuned from this same checkpoint, while RL-
based agents use the Qwen2.5-7B variants from
their original works. During PRM-guided infer-
ence, we retrieve 5 documents per query and gen-
erate 10 candidates per step (max 10 iterations).
Further details are provided in Appendix .

5.2 Main Results

As shown in Table 1, CoPRM provides effective
guidance for search agents regardless of their un-
derlying training methodology. All relative im-
provements reported below represent the average
performance gains over the strongest existing base-
line for each respective agent across EM, F1, and
LJ metrics to provide fair comparisons. Our re-
sults first confirm CoPRM’s strong performance
when guiding its base agent, ReSearch, achiev-
ing an average improvement of 8.2% across all
metrics. More importantly, CoPRM exhibits re-
markable generalization capabilities across entirely
different training methods. It successfully guides
prompt-engineered agents (achieving an average
improvement of 9.6%), SFT-based agents (yield-
ing an average improvement of 3.5%), and agents
trained with different RL-based methodologies, im-
proving R1-Searcher by an average of 3.1% and
Search-R1 by an average of 5.1%.

CoPRM exhibits strong generalization to out-of-

domain datasets, significantly improving agent per-
formance on unseen benchmarks including 2Wiki-
MultihopQA, MuSiQue, and Bamboogle despite
being trained exclusively on HotpotQA. Further-
more, it demonstrates cross-architecture general-
izability: as shown in Table 5, CoPRM remains
highly effective when trained on a Qwen-based
backbone. This consistent effectiveness demon-
strates that CoOPRM learns transferable principles of
reasoning quality rather than overfitting to specific
architectures or datasets. Furthermore, as shown in
Table 2, CoPRM achieves the best answer accuracy
and evidence recall for all five search agents on
BrowseComp-Plus.

5.3 Ablation Study

To investigate the necessity of collaborative syn-
ergy between immediate quality assessments and
outcome-informed evaluations and to justify our
outcome-informed gating mechanism (Eq. 6), we
trained multiple PRMs using different data collec-
tion strategies. We distinguish two types of sig-
nal integration: Union (U) simply merges prefer-
ence pairs from different sources without requiring
agreement, while Consensus (/) requires agree-
ment between signals before generating prefer-
ences. We compare our Collaborative Calibra-
tion approach against individual components, their



Method | EM FI L]

Outcome-informed gating (Ours) | 44.90 55.39 59.85

43.20 54.31 57.85
41.15 51.84 56.25
43.45 53.85 57.85
42.80 53.49 57.55
43.65 54.51 58.50

Remove Cross-Type Pairs
Directly use LLM Rank
Directly Compare MC & F1
Gating A LLM Rank

(MC vs F1) A LLM Rank

Table 4: Ablation study comparing the performance
of PRMs trained with different cross-type preference
calculation strategies when guiding ReSearch reasoning
(Average results, full results in Appendix B.2).

union, and consensus-based combinations. Here,
Immediate corresponds to Immediate Quality As-
sessment, Search MC to MC Rollouts for Search
Steps, and Answer F1 to GT F1 Scoring for An-
swer Steps. All strategies generate 10k preference
pairs for training, except for Answer F1 which, due
to its sparse reward nature, generates 639 prefer-
ence pairs. The resulting PRMs are used to guide
ReSearch reasoning.

Effectiveness of Collaborative Synergy. As
shown in Table 3, the PRM trained with our Collab-
orative Calibration data consistently achieves the
best overall performance compared to all compo-
nent combinations across most metrics and datasets.
This validates that our Collaborative Calibration
framework successfully captures the complemen-
tary strengths of each component: (1) Immediate
assessment ensures locally sound reasoning quality.
(2) Search MC provides strategic outcome-oriented
verification. (3) Answer F1 serves as an objective
quality gate for final answers.

Effectiveness of Outcome-Informed Gating. As
shown in Table 4, our results highlight three key
findings: (1) Removing these pairs causes a notable
performance decline, confirming their role in bal-
ancing exploration and exploitation. (2) Relying on
immediate quality fails for cross-type decisions due
to the difficulty of ranking heterogeneous search
and answer steps on a single scale. (3) Direct com-
parison of MC estimates and F1 scores underper-
forms due to distribution mismatches, whereas our
gating mechanism effectively treats answer quality
as a sufficiency threshold.

5.4 Effect of Training Data Size

Our CoPRM framework demonstrates strong data
efficiency (see detailed results in Appendix E.1).
As shown in Figure 3, CoPRM consistently
outperforms both baseline PRMs and the Self-

(a) EM Score (b) LJ Score
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Figure 3: Performance comparison of ReSearch guided
by PRMs trained on varying amounts of data.
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Figure 4: Performance comparison of PRM-guided Re-
Search with varying numbers of candidate steps (k).

Consistency baseline across all training data sizes,
achieving clear advantages with as few as 2,000
training samples. Baseline methods plateau or even
decline with more data, as scaling amplifies the
assessment unreliability inherent in single-source
supervision rather than improving generalization.
In contrast, COPRM exhibits overall improvements
across the evaluated data sizes, as the consensus
between complementary supervision signals effec-
tively filters out unreliable labels, resulting in more
robust training data than single-source alternatives.

5.5 Impact of Candidate Sampling

To evaluate the impact of candidate sampling on
our CoPRM-guided framework, we systematically
investigate how the number of candidate steps sam-
pled at each step affects overall performance. As
demonstrated in Figure 4, CoPRM exhibits strong
discriminative capabilities and consistent perfor-
mance scaling. CoPRM consistently outperforms
all baseline methods across all candidate sampling
configurations, demonstrating the effectiveness of
our framework. Furthermore, as the number of can-
didate steps increases from 3 to 10, both CoPRM
variants show steady performance improvements
(see additional results in Appendix E.2), suggesting
that CoPRM effectively leverages expanded action
spaces for better guidance.
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Figure 5: Inference efficiency analysis of PRM-guided
ReSearch across 500 HotpotQA samples. CoPRM
achieves the lowest average iteration count and high-
est early completion rate.

5.6 Inference Efficiency

Our inference efficiency analysis reveals that Co-
PRM’s process-level guidance translates strategic
computational investment into superior task com-
pletion efficiency. As shown in Figure 5, CoOPRM
demonstrates two critical efficiency advantages: (1)
Reduced Average Iterations: CoPRM achieves
the lowest average number of iterations required
for task completion (3.24 iterations), representing
a 12.9% reduction in iteration count compared to
the Greedy baseline (3.72 iterations); and (2) En-
hanced Early Completion Rate: 76.2% of tasks
are completed within 3 steps or fewer, substantially
outperforming other baselines. These improve-
ments indicate CoOPRM’s ability to identify opti-
mal reasoning paths while avoiding unproductive
exploration. For more detailed efficiency analysis,
please refer to Appendix K.

6 Conclusion

In this paper, we present COPRM, a novel process
reward model that addresses the critical limitations
in existing PRMs for search agents: the trade-off
between global solvability and local validity. The
core innovation lies in our Collaborative Calibra-
tion methodology for generating high-quality train-
ing data by synthesizing immediate quality signals
with outcome-informed signals. This enables Co-
PRM to deliver strategic and precise guidance, as
demonstrated by consistent performance improve-
ments across diverse search agents, exhibiting su-
perior cross-domain generalization and efficiency.

Limitations

Despite CoPRM’s effectiveness in enhancing
search agent reasoning, there are limitations to the

current work. While our Collaborative Calibration
methodology successfully generates high-quality
preference data through the automated synthesis
of immediate and outcome-informed signals, the
potential role of human-annotated data remains
underexplored; incorporating human expert anno-
tations could potentially further refine the reward
model’s discriminative ability in highly nuanced
scenarios.

Additionally, due to computational resource con-
straints, our current work focuses primarily on the
application of CoPRM in inference-time guidance
algorithms. Although Process Reward Models have
the potential to offer dense, step-level rewards to
enhance Reinforcement Learning (RL) training sce-
narios, the integration of CoPRM into the RL train-
ing loop for search agents remains an open area
for future research. Future work could use CoPRM
to provide fine-grained process rewards during RL
training and extend its calibrated preference sig-
nals to multilingual and other preference-sensitive
settings (Chen et al., 2025a; Yang et al., 2025a,b;
Ye et al., 2026; Yu et al., 2025). Beyond multi-
hop QA, another direction is to extend CoPRM to
knowledge-grounded generation and evaluate its
guidance across hierarchical scientific reasoning
settings (Ren et al., 2023; Zhang et al., 2025c).
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A Cross-architecture Generalizability

To assess the cross-architecture generalizability of
our proposed method, we further evaluate CoPRM
using Qwen2.5-7B-Instruct (Yang et al., 2024) as
the base model for the process reward model. As
shown in Table 5, Qwen-CoPRM consistently out-
performs both the strongest baselines and other
PRM variants across diverse search agents and
datasets. These results demonstrate that CoPRM’s
effectiveness is not limited to a specific model ar-
chitecture but rather stems from the high-quality
preference data collected through our Collaborative
Calibration methodology.

B Full Ablation Study Results
B.1 Qwen-based Ablation Study Results

In Table 6, we present the complete abla-
tion study results for Qwen2.5-7B-Instruct-based
PRMs. These results complement the Llama-
3.1-8B-Instruct results shown in the main text,
demonstrating the effectiveness of collaborative
synergy, where our methodology consistently out-
performs individual components and their combi-
nations across different base models.

B.2 Full Cross-Type Ablation Study Results

Table 7 presents the complete cross-type ablation
study results across all four benchmarks, comple-
menting the averaged results shown in the main
text. These detailed results demonstrate that our
outcome-informed gating mechanism consistently
outperforms alternative cross-type preference cal-
culation strategies.

B.3 Additional Ablation Results

To further evaluate our preference data construction
process, we consider three controlled variants while
keeping all other training and inference settings
unchanged. We replace Answer F1 in the outcome-
informed gating mechanism with semantic correct-
ness labels produced by Qwen3-32B (Qwen Team,
2025a), replace the QwQ-32B ranker in Stage 1
with Qwen3-8B, or replace rank-guided state ad-
vancement with random advancement.

Compared with the default CoPRM results in Ta-
ble 7, LJ-based gating yields the smallest average
performance decrease (A = —0.80/—0.71/—1.40
points in EM/F1/LJ), indicating limited sensitivity
to replacing lexical F1 with semantic correctness
labels. Replacing the Stage 1 ranker with Qwen3-
8B and using random state advancement lead to

larger decreases (A = —2.15/ — 2.06/ — 2.40 and
—2.80/ — 2.51/ — 2.85 points, respectively), sug-
gesting that both ranker strength and rank-guided
advancement contribute to guidance quality.

C Sensitivity Analysis of
Hyperparameters

To understand the impact of key hyperparameters
on our method’s performance, we conduct a com-
prehensive sensitivity analysis focusing on three
critical parameters: the rollout evaluation threshold
7 for Monte Carlo outcome assessment, the prefer-
ence filtering threshold 6 for outcome-gated prefer-
ence decisions, and the rollout count N for Monte
Carlo sampling frequency. We evaluate 7 and 6
across both Llama and Qwen models, while the
rollout count analysis is conducted on the Llama
model, with an expanded hyperparameter range to
ensure robust and generalizable findings.

C.1 Monte Carlo Rollout Threshold (7)
Analysis

We fix § = 0.5 and vary T € {0.25,0.5,0.75,1.0}
across both Llama and Qwen models. As shown
in Table 9, 7 = (.75 consistently achieves the best
overall performance across both architectures. Le-
nient thresholds (7 < 0.5) introduce noisy training
signals, while the strict threshold (7 = 1.0) ex-
cludes valuable intermediate reasoning steps that
lead to partially correct answers. The moderate
threshold effectively filters low-quality steps while
preserving nuanced reasoning patterns.

C.2 Outcome-Gated Preference Threshold (6)
Analysis

We fix 7 = 075 and vary 6§ €
{0.25,0.5,0.75,1.0} across both Llama and
Qwen models. The cross-type preference follows
the gating mechanism defined in Eq. 6. As shown
in Table 10, # = 0.5 yields the best overall
performance across both architectures. A lenient
threshold ( = 0.25) causes premature answer
acceptance, while strict thresholds (# > 0.75)
reject high-quality but imperfect answers in favor
of less informative search steps.

C.3 Monte Carlo Rollout Count Analysis

We fix 7 = 0.75 and # = 0.5, and vary N €
{6,8,10,16} on the Llama model. As shown in
Table 11, N = 8 achieves the best overall perfor-
mance. While N = 6 yields competitive results,
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+Qwen-CoPRM | 47.80 60.64 67.40 | 49.40 56.02 57.20|26.40 36.35 39.00 | 44.00 57.87 61.60|41.90 52.72 56.30
RS-ReSearchS*”
+greedy 46.60 58.99 68.20]51.80 58.14 59.20 [26.00 36.48 40.40|47.20 58.82 59.20[42.90 53.11 56.75
+Self-Consistency | 46.00 58.11 67.20 |52.40 58.97 58.60 |24.60 34.80 36.60 |46.40 59.00 59.20|42.35 52.72 55.40
+Qwen-GymPRM | 47.80 60.60 69.80 [ 50.20 57.81 57.60 |23.00 33.96 38.00|46.40 57.22 58.40|41.85 52.40 55.95
+Qwen-RePRM | 46.20 57.12 65.00 |47.20 53.05 53.40|24.20 33.38 37.60|44.80 55.39 57.60|40.60 49.74 53.40
+Qwen-CoPRM | 49.20 62.01 70.20 | 50.20 57.43 58.60(26.40 37.47 42.00 |48.80 59.68 61.60 |43.65 54.15 58.10

Table 5: CoPRM’s cross-architecture generalizability: Qwen-based PRMs guiding search agents. EM (%), F1 (%),
and LJ (%) results on multi-hop QA benchmarks. The best result in each section is in bold, the second-best is
underlined. PE = Prompt Engineering, SFT = Supervised Fine-Tuning, R = Reinforcement Learning.

Method HotpotQA

2WikiMultihopQA

MuSiQue Bamboogle Average

| EM FI LI | EM FI

L]

| EM FI L] |EM FI L] |EM FI L

Qwen2.5-7B-Instruct

Collaborative Calibration \ 46.60 59.70 70.80 \ 50.60 56.65

56.80 | 28.00

38.80 42.60|50.40 60.11 63.20|43.90 53.82 58.35

Single-Signal Reward (Non-Collaborative)

Immediate 45.60 58.33 67.60
Search MC 43.20 55.70 64.20
Answer F1 41.80 54.17 63.00
Search MC U Answer F1 [44.20 56.55 66.20

47.20
44.40
45.00
47.20

53.98
50.24
50.84
52.90

55.00
50.80
51.80
53.80

24.80
22.80
22.80
24.60

36.79
33.01
33.21
36.24

40.40
37.60
36.20
39.60

52.00
43.20
40.80
52.00

63.09
54.21
52.52
61.92

64.80
56.80
52.00
64.80

42.40
38.40
37.60
42.00

53.05 56.95
48.29 52.35
47.69 50.75
51.90 56.10

Collaborative Signals (Requiring Consensus)
Immediate A Answer F1 |43.40 56.09 64.80 | 50.20
Immediate A Search MC |45.60 58.51 68.60 | 50.60

55.59
56.90

56.80

57.40

23.60
24.20

34.65
35.63

38.40
38.80

48.80
48.00

58.90
60.21

60.80 | 41.50
64.00 | 42.10

51.31
52.81

55.20
57.20

Table 6: Full ablation study results for Qwen2.5-7B-Instruct-based PRMs comparing the performance of PRMs
trained with different preference data collection strategies when guiding ReSearch reasoning. Best results are in

bold, the second-best is underlined.

performance degrades at N > 10. This degrada-
tion likely occurs because excessive rollouts cause
steps with intrinsically different quality levels to
achieve similar success rates through multiple at-
tempts, thereby reducing the distinctiveness of qual-
ity signals for preference learning.

Notably, across all hyperparameter settings ex-
amined, CoPRM-guided agents consistently out-
perform the strongest baseline Self-Consistency
(41.20 EM, 51.56 F1, 55.25 LJ). Even with sub-
optimal configurations (e.g., Qwen with § = 1.0:
4295 EM, 52.44 F1, 55.90 LJ), our method sur-



Method HotpotQA 2WikiMultihopQA MuSiQue Bamboogle Average

| EM FI LI |EM FI LJ |EM FI L] |EM Fl L] |EM FI Lj
Llama-3.1-8B-Instruct
Outcome-informed gating (Ours) | 49.00 61.56 72.20|51.80 58.28 59.40 |26.00 38.01 41.40|52.80 63.70 66.40|44.90 55.39 59.85
Remove Cross-Type Pairs 48.20 61.18 70.40|51.60 58.43 58.20(27.40 39.60 42.00|45.60 58.04 60.80|43.20 54.31 57.85
Directly use LLM Rank 46.20 58.77 69.00|47.80 54.06 55.80(23.40 35.43 39.40|47.20 59.09 60.80 |41.15 51.84 56.25
Directly Compare MC & F1 45.80 59.22 68.80|50.60 57.08 58.80(26.20 37.69 40.60|51.20 61.41 63.20|43.45 53.85 57.85
Gating A LLM Rank 47.40 59.90 68.80|48.80 55.50 57.60|27.00 38.08 41.40|48.00 60.48 62.40|42.80 53.49 57.55
(MC vs F1) A LLM Rank 47.20 60.08 69.40|50.20 56.74 58.00|26.80 39.18 43.40|50.40 62.05 63.20 |43.65 54.51 58.50
Qwen2.5-7B-Instruct
Outcome-informed gating (Ours) | 46.60 59.70 70.80 | 50.60 56.65 56.80 |28.00 38.80 42.60|50.40 60.11 63.20 |43.90 53.82 58.35
Remove Cross-Type Pairs 45.60 58.04 67.20|51.60 58.43 59.80|23.40 35.93 40.40|47.20 57.32 57.60|41.95 52.43 56.25
Directly use LLM Rank 47.00 59.06 69.60|46.40 53.15 54.40(25.80 37.25 41.00|49.60 61.15 62.40 [42.20 52.65 56.85
Directly Compare MC & F1 48.20 60.36 69.40|48.80 55.83 57.60|26.80 37.24 40.00|48.80 59.55 63.20 |43.15 53.25 57.55
Gating A LLM Rank 46.40 58.71 67.00|51.00 57.78 59.00|24.20 35.27 39.80|47.20 59.07 60.00 |42.20 52.71 56.45
(MC vs F1) A LLM Rank 48.60 61.06 69.40|51.60 56.97 57.80|26.40 37.59 41.60|46.40 57.36 59.20|43.25 53.25 57.00

Table 7: Full cross-type ablation study results comparing the performance of PRMs trained with different cross-type
preference calculation strategies across all four benchmarks. Best results are in bold, the second-best is underlined.

HotpotQA 2Wiki

Method

MuSiQue Bamboogle Avg

| EM FI LI | EM FI

LI | EM FI

L] ‘ EM FI L ‘ EM FI L

LJ-based Gating (Qwen3-32B)
Qwen3-8B Stage 1 Ranker
Random State Advancement

46.60 60.23 70.00
47.00 59.58 69.40
45.40 59.29 69.00

51.00 57.22 58.00
50.00 57.07 58.00
48.80 56.31 57.60

27.60 39.10 42.60
24.40 37.03 40.80
23.80 35.77 38.20

51.20 62.19 63.20|44.10 54.68 58.45
49.60 59.63 61.60 42.75 53.33 57.45
50.40 60.16 63.20|42.10 52.88 57.00

Table 8: Additional ablation study results comparing Llama-based PRMs trained with different preference data
construction variants when guiding ReSearch reasoning across all four benchmarks. Results for the default CoPRM

configuration are reported in Table 7.

Model | = HotpotQA 2WikiMultihopQA MuSiQue Bamboogle Average
EM F1 LJ EM F1 LJ EM Fl1 LJ EM F1 LJ EM F1 LJ
0.25 | 47.00 59.77 69.40 | 49.60 56.47 57.80 | 26.80 37.67 41.00 | 48.00 59.97 61.60 | 42.85 53.47 5745
Llama 0.5 | 46.00 59.16 69.00 | 50.00 56.50 58.40 | 25.60 36.93 40.00 | 50.40 61.86 62.40 | 43.00 53.61 57.45
0.75 | 49.00 61.56 72.20 | 51.80 58.28 59.40 | 26.00 38.01 41.40 | 52.80 63.70 66.40 | 44.90 55.39 59.85
1.0 | 48.60 61.67 71.00 | 48.80 55.46 56.40 | 2440 36.50 39.00 | 5040 61.95 64.80 | 43.05 53.90 57.80
0.25 | 46.00 58.72 67.20 | 48.00 54.13 5540 | 2420 35.86 39.60 | 48.80 59.20 61.60 | 41.75 51.98 55.95
Qwen 0.5 | 4460 5694 6580 | 4820 5459 5540 | 27.40 37.68 39.40 | 49.60 60.80 62.40 | 42.45 52.50 55.75
0.75 | 46.60 59.70 70.80 | 50.60 56.65 56.80 | 28.00 38.80 42.60 | 50.40 60.11 63.20 | 43.90 53.82 58.35
1.0 | 4620 59.61 69.40 | 50.40 56.64 57.40 | 25.60 36.99 41.00 | 45.60 57.28 58.40 | 41.95 52.63 56.55

Table 9: Performance comparison of CoPRM trained on data collected with different rollout F1 thresholds (7) with

fixed & = 0.5 across Llama and Qwen models.

passes this baseline, demonstrating robustness to
hyperparameter variations.

D PRM Scalability Analysis

To address potential concerns regarding the com-
putational overhead of CoPRM’s additional evalu-
ation mechanism during inference, we investigate
two mitigation strategies: (1) employing smaller
(3B) models as the PRM backbone to reduce the
cost of reward calculation, and (2) using CoPRM
to guide larger, more capable search agents (32B),
where the relative overhead of the PRM becomes
negligible compared to the agent’s generation cost.

D.1 Performance of 3B PRMs

We first evaluate the performance of using 3B-
parameter models as the backbone for CoPRM. We
train CoPRM on Qwen2.5-3B-Instruct and Llama-
3.2-3B-Instruct using our collaborative preference
data and use them to guide the ReSearch agent.
As shown in Table 12, both Qwen2.5-3B and
Llama-3.2-3B based CoPRMs successfully guide
the ReSearch agent, consistently outperforming
both Greedy and Self-Consistency (SC) baselines.
Notably, Llama-3.2-3B-CoPRM achieves an av-
erage EM of 43.25% and F1 of 53.34%, demon-
strating that even smaller PRMs can capture the
necessary process supervision signals to improve
search agent inference. This suggests that de-
ploying smaller PRMs is a viable strategy to miti-



HotpotQA 2WikiMultihopQA

Model | 6 | pnvi B Ly | EM Bl LI

MuSiQue Bamboogle Average
Fl1 LI EM F1 L] EM F1 LJ

0.25 | 48.60 61.64 70.80 | 49.00 55.92 57.20
0.5 | 49.00 61.56 72.20 | 51.80 58.28 59.40
0.75 | 47.20 60.19 70.00 | 49.80 55.75 56.20
1.0 | 47.40 5997 69.60 | 47.40 54.32 55.40

Llama

26.80
26.00
27.20
25.60

39.28 43.00 | 45.60 5829 59.20 | 42.50 53.78 57.55
38.01 41.40 | 52.80 63.70 66.40 | 44.90 55.39 59.85
37.27 41.20 | 48.00 59.51 62.00 | 43.05 53.18 57.35
37.76 39.80 | 45.60 58.64 59.20 | 41.50 52.67 56.00

0.25 | 47.40 59.47 68.80 | 47.60 5342 53.60
0.5 | 46.60 59.70 70.80 | 50.60 56.65 56.80
0.75 | 46.60 58.67 68.60 | 49.40 56.58 57.80
1.0 | 46.20 5793 66.60 | 49.40 55.66 57.00

Qwen

26.20
28.00
27.20
26.60

37.03 40.60 | 47.20 60.66 62.40 | 42.10 52.65 56.35
38.80 42.60 | 50.40 60.11 63.20 | 43.90 53.82 58.35
37.45 4020 | 52.00 63.55 65.60 | 43.80 54.06 58.05
3721 3920 | 49.60 58.96 60.80 | 42.95 52.44 5590

Table 10: Performance of ReSearch agent guided by CoPRM trained on data collected with different preference F1
thresholds (#) with fixed 7 = 0.75 across Llama and Qwen models.

HotpotQA 2WikiMultihopQA MuSiQue Bamboogle Average
Rollout Count |- o ey ™" 1y | EM R Ly FIL LJ | EM Fl LJ | EM Fl LI
6 4600 58.64 75.00 | 50.00 5721 58.80 | 25.40 38.78 41.80 | 52.80 6229 64.80 | 43.55 5423 60.10
8 49.00 61.56 7220 | 51.80 5828 59.40 | 26.00 38.01 41.40 | 52.80 63.70 66.40 | 44.90 5539 59.85
10 4640 58.88 69.40 | 51.80 55.06 59.40 | 25.00 3677 4040 | 48.80 6226 63.20 | 43.00 5324 58.10
16 4840 60.78 71.80 | 47.20 5376 55.60 | 24.80 36.16 39.00 | 46.40 57.68 59.20 | 41.70 52.10 56.40

Table 11: Performance of ReSearch agent guided by Llama-CoPRM trained on data collected with different Monte
Carlo rollout counts with fixed 7 = 0.75 and 6 = 0.5, measured by EM, F1, and LJ metrics across four datasets.

Method HotpotQA 2WikiMultihopQA MuSiQue Bamboogle Average
| EM  FI L] | EM FI L] | EM FI L] | EM FI L] | EM FI L
ReSearch (Greedy) 4540 56.77 66.80 | 48.80 54.56 56.20 | 23.80 35.47 38.20|44.80 57.41 58.40|40.70 51.05 54.90
ReSearch (SC) 4420 56.71 65.20 | 49.00 55.14 56.60 | 26.00 37.92 40.80 | 45.60 56.45 58.40 |41.20 51.56 55.25
3B PRMs
Qwen2.5-3B-CoPRM | 45.60 58.85 67.80 | 49.80 56.69 57.40 |24.20 35.71 39.80|49.60 59.88 62.40 |42.30 52.78 56.85

Llama-3.2-3B-CoPRM | 45.60 58.03 67.00

50.20 56.93 57.40

26.80 38.25 42.20 | 50.40 60.16 61.60 | 43.25 53.34 57.05

Table 12: Performance of 3B PRMs when guiding ReSearch-7B reasoning. Even with significantly reduced
parameters, 3B CoPRMs consistently outperform baselines, offering a lightweight alternative for effective guidance.

gate computational overhead without compromis-
ing guidance quality.

D.2 Guiding Larger Agents (32B)

We further investigate the effectiveness of CoPRM
when guiding a significantly larger and more capa-
ble search agent, ReSearch-Qwen2.5-32B-Instruct.
This setup mimics a practical scenario where a
smaller, specialized PRM guides a large general-
purpose reasoning model.

Table 13 presents the results of using CoPRM to
guide a 32B parameter search agent. CoPRM con-
sistently outperforms the Greedy, Major Vote, and
other PRM baselines (GymPRM, RePRM) across
most metrics. Specifically, COPRM achieves the
highest average EM (49.20%), F1 (59.52%), and
LJ (64.30%) scores. This demonstrates that our
CoPRM, trained on high-quality collaborative pref-
erence data, generalizes well to larger model archi-
tectures and continues to provide valuable strategic
guidance, effectively enhancing the capabilities of
even powerful foundational models.

E Detailed Experiment Results

E.1 Effect of Training Data Size

The detailed results of training data size experi-
ments for Llama-CoPRM across 4 datasets with
EM, F1, and LJ metrics are shown in Table 14. The
detailed results for Qwen-CoPRM are shown in Ta-
ble 15. Additionally, the results for Llama-RePRM
and Llama-GymPRM under varying training data
sizes are presented in Table 16 and Table 17, re-
spectively.

E.2 Impact of Candidate Sampling

The detailed results of candidate sampling experi-
ments across 4 datasets with EM, F1, and LJ met-
rics are shown in Table 18.

E.3 Impact of Foundation Model Type

To understand the influence of foundation model
type on CoPRM performance, we compare the ef-
fectiveness of base models versus instruction-tuned
models using both Qwen-2.5-7B-base and Qwen-
2.5-7B-instruct variants. Both models are trained



Method HotpotQA 2WikiMultihopQA MuSiQue Bamboogle Average
| EM  FI L] | EM FI L] | EM FI L] | EM FI L] | EM FI L]
ReSearch-32B (Greedy) | 49.00 61.87 71.20 | 54.00 59.51 59.80|32.40 41.88 46.40 | 55.20 69.11 70.40 | 47.65 58.09 61.95
ReSearch-32B (SC) 49.40 62.42 71.80|52.80 58.92 60.00 | 33.20 42.91 46.20 | 57.60 68.75 71.20 | 48.25 58.25 62.30
GymPRM 50.60 62.51 71.00 | 54.00 59.29 60.80 | 28.80 39.66 44.40 | 60.00 71.17 73.60 | 48.35 58.16 62.45
RePRM 4440 57.13 65.60 | 50.20 55.25 56.80 | 29.40 39.23 42.60 | 59.20 70.01 72.00 [ 45.80 55.41 59.25
CoPRM 51.40 64.39 74.00 | 55.80 61.27 63.00 | 31.20 41.53 45.80 | 58.40 70.89 74.40 | 49.20 59.52 64.30

Table 13: Performance of CoPRM guiding ReSearch-Qwen2.5-32B-Instruct. CoPRM provides robust guidance for
larger models, achieving the highest average scores across metrics.

Training Samples HotpotQA 2WikiMultihopQA MuSiQue Bamboogle AVG

EM Fl L] | EM Fl L] | EM Fl L] | EM Fl L] | EM Fl LJ
10,000 49.00 61.56 72.20 | 51.80 58.28 59.40 | 26.00 38.01 41.40|52.80 63.70 66.40 | 44.90 55.39 59.85
8,000 45.80 58.51 69.40|50.60 57.29 58.40|27.20 39.92 43.00|49.60 59.84 63.20|43.30 53.89 58.50
6,000 47.60 60.84 70.80|50.00 56.55 57.40|27.00 39.15 45.60 | 49.60 62.18 64.00 | 43.55 54.68 59.45
4,000 49.00 62.29 71.60 [49.00 54.40 55.20 [26.60 38.34 42.00 | 48.80 59.84 63.20 | 43.35 53.72 58.00
2,000 46.00 58.50 68.20 |49.40 56.06 57.80|26.00 37.55 41.40|45.60 56.90 60.00|41.75 52.25 56.85
0 43.60 55.50 64.40|43.60 51.01 52.80|23.40 33.46 36.80|41.60 52.72 54.40|38.05 48.17 52.10

Table 14: Performance of ReSearch agent guided by Llama-CoPRM trained on varying amounts of training data,

measured by EM, F1, and LJ metrics across four datasets.

Training Samples HotpotQA 2WikiMultihopQA MuSiQue Bamboogle AVG

EM F1 Ll | EM F1 L] | EM F1 L] | EM Fl L] | EM F1 LI
10,000 46.60 59.70 70.80 | 50.60 56.65 56.80 | 28.00 38.80 42.60|50.40 60.11 63.20 | 43.90 53.82 58.35
8,000 46.00 58.36 69.40 |49.20 55.78 57.60 | 25.60 36.54 43.00 | 47.20 58.83 60.80|42.00 52.38 57.70
6,000 4320 56.42 65.60 | 48.60 54.99 56.00 | 25.40 36.53 40.80 | 48.80 61.09 63.20 | 41.50 52.26 56.40
4,000 46.60 59.70 69.00 | 50.40 56.16 58.20 | 26.80 38.25 41.60|46.40 56.98 61.60|42.55 52.77 57.60
2,000 43.60 56.14 66.20 | 47.40 53.14 53.40|26.80 36.78 40.80|49.60 61.36 62.40|41.85 51.86 55.70
0 4420 55.55 64.40|43.80 49.37 50.20 | 22.80 32.55 36.60 |43.20 56.83 57.60|38.50 48.58 52.20

Table 15: Performance of ReSearch agent guided by Qwen-CoPRM trained on varying amounts of training data,

measured by EM, F1, and LJ metrics across four datasets.

Training Samples HotpotQA 2WikiMultihopQA MuSiQue Bamboogle AVG

EM Fl L] | EM Fl L] | EM Fl L] | EM Fl L] | EM FIl LJ
10,000 41.60 53.49 62.00 | 44.20 49.45 50.40|22.20 33.08 36.00|48.80 57.70 60.80|39.20 48.43 52.30
8,000 41.60 54.63 64.00 | 44.00 50.28 51.20|23.80 34.89 37.60 | 42.40 53.98 56.00|37.95 48.45 52.20
6,000 41.60 53.68 62.60 | 46.80 52.36 53.60 | 22.80 33.37 37.00|51.20 62.08 62.40|40.60 50.37 53.90
4,000 45.60 56.53 65.80 |45.80 52.24 53.20 (23.60 34.20 37.20 | 42.40 52.56 54.40|39.35 48.88 52.65
2,000 42.80 55.14 64.60 | 44.60 50.49 51.00 |24.40 34.75 37.20|50.40 60.27 60.80|40.55 50.16 53.40
0 43.60 55.50 64.40|43.60 51.01 52.80|23.40 33.46 36.80|41.60 52.72 54.40|38.05 48.17 52.10

Table 16: Performance of ReSearch agent guided by Llama-RePRM trained on varying amounts of training data,

measured by EM, F1, and LJ metrics across four datasets.

on the same 10,000 preference data samples to en-
sure fair comparison.

As shown in Table 19, the results demonstrate
that instruction-tuned models generally provide
superior performance compared to base models
for ReSearch agent guidance. The Qwen-2.5-
7B-instruct model consistently outperforms its
base counterpart across most evaluation metrics
and datasets. Specifically, the instruct model
achieves better performance on 10 out of 12 metric-
dataset combinations, with particularly notable im-
provements on HotpotQA, 2WikiMultihopQA, and
MuSiQue datasets.

The instruction-tuned model’s superior perfor-
mance can be attributed to its enhanced ability to
understand and follow reasoning evaluation instruc-
tions. Pre-training with instruction-following data
enables the model to better align with the step-by-
step reasoning evaluation requirements inherent in
CoPRM training.

Overall, the results indicate that both base and
instruction-tuned foundation models significantly
outperform the Self-Consistency baseline when
used for CoPRM training. However, instruction-
tuned models demonstrate more consistent and ro-
bust performance across diverse reasoning tasks,



Training Samples HotpotQA 2WikiMultihopQA MuSiQue Bamboogle AVG

EM Fl L] | EM Fl L] | EM Fl L] | EM Fl L] | EM Fl LJ
10,000 46.80 58.43 67.20 |47.40 54.32 54.60|24.40 35.82 38.60|46.40 57.89 58.40|41.25 51.62 54.70
8,000 45.20 57.93 67.00 | 51.20 57.45 59.00 | 24.20 36.00 40.00 | 48.00 59.55 60.80|42.15 52.73 56.70
6,000 47.40 59.18 68.80 46.80 53.91 55.00 [25.40 36.96 41.20 | 52.80 62.40 64.80 | 43.10 53.11 57.45
4,000 46.80 58.78 68.80 | 48.00 54.80 55.60|26.00 37.31 40.00|49.60 62.08 64.00|42.60 53.24 57.10
2,000 46.40 58.64 68.00 | 46.00 52.84 53.00|25.60 36.98 40.80|48.00 58.18 60.00|41.50 51.66 55.45
0 43.60 55.50 64.40|43.60 51.01 52.80|23.40 33.46 36.80|41.60 52.72 54.40|38.05 48.17 52.10

Table 17: Performance of ReSearch agent guided by Llama-GymPRM trained on varying amounts of training data,

measured by EM, F1, and LJ metrics across four datasets.

Method HotpotQA 2WikiMultihopQA MuSiQue Bamboogle AVG
k=3 k=5 k=10| k=3 k=5 k=10| k=3 k=5 k=10| k=3 k=5 k=10| k=3 k=5 k=10
EM Score
Self-Consistency [45.60 45.00 44.20|50.80 48.40 49.00|24.40 24.80 26.00|48.00 46.40 45.60|42.20 41.15 41.20
Llama-GymPRM |45.20 46.80 46.80|47.20 48.00 47.40|24.40 24.60 24.40|44.80 44.80 46.40|40.40 41.05 41.25
Llama-RePRM [42.60 42.80 41.60|47.40 47.00 44.20(23.80 23.00 22.20|44.80 44.80 48.80|39.65 39.40 39.20
Llama-CoPRM  47.20 46.60 49.00|48.00 47.60 51.80|25.80 27.00 26.00|47.20 50.40 52.8042.05 42.90 44.90
Qwen-CoPRM  [45.00 48.20 46.60(49.00 50.20 50.60 |25.40 25.20 28.00|49.60 48.80 50.40|42.25 43.10 43.90
F1 Score
Self-Consistency |57.70 57.61 56.71|57.86 53.93 55.14|35.45 35.66 37.92|60.83 58.02 56.45|52.96 51.31 51.56
Llama-GymPRM | 57.57 58.39 58.43|54.24 53.79 54.32136.33 36.60 35.82|55.49 56.18 57.89|50.91 51.24 51.62
Llama-RePRM |54.99 54.21 53.49|52.88 52.17 49.45|34.41 34.15 33.08|57.31 55.15 57.7049.90 48.92 48.43
Llama-CoPRM  60.19 60.26 61.56|55.11 53.95 58.28 |36.84 38.54 38.01|59.92 62.90 63.70|53.02 53.91 55.39
Qwen-CoPRM  [58.68 59.86 59.70|54.82 54.98 56.65|36.53 35.54 38.80|62.56 59.04 60.11|53.15 52.36 53.82
LJ Score
Self-Consistency |66.00 66.40 65.20|58.60 54.60 56.60 |37.60 38.80 40.80|61.60 58.40 58.40|55.95 54.55 55.25
Llama-GymPRM | 68.20 67.80 67.20|54.80 55.00 54.60|39.40 40.00 38.60|56.00 57.60 58.40|54.60 55.10 54.70
Llama-RePRM |63.40 63.40 62.00|54.60 54.40 50.40|38.00 35.60 36.00(58.40 57.60 60.80|53.60 52.75 52.30
Llama-CoPRM |70.40 69.60 72.20|57.00 55.00 59.40 41.20 42.00 41.40|61.60 64.00 66.40|57.55 57.65 59.85
Qwen-CoPRM  (69.40 69.20 70.80|56.20 56.20 56.80|40.40 39.20 42.60|66.40 60.80 63.20|58.10 56.35 58.35

Table 18: Performance comparison of different reward models with varying numbers of candidate steps (k=3, 5, 10).
CoPRM methods (highlighted) consistently outperform baseline methods across all sampling configurations, with

performance generally improving as k increases.

achieving superior results on 10 out of 12 metric-
dataset combinations, making them the preferred
choice for CoPRM initialization.

E.4 Impact of Answer Similarity Evaluation
Criteria in Monte Carlo Rollout
Assessment

This experiment investigates the impact of using
different answer similarity criteria in the Monte
Carlo rollout evaluation (Eq. 4). We compare two
criteria: (1) F1 Threshold (Original): rollouts are
successful if F1 score exceeds 7 = (.75, providing
partial credit; (2) Exact Match (EM) Threshold:
rollouts are successful if EM score exceeds 7 =
0.75. Both methods use N = 8 rollouts per search
step with ReSearch-Qwen-7B-Instruct.

Table 20 presents the results across four datasets
for both Llama and Qwen architectures.

CoPRM trained with F1 threshold rollout evalu-
ation consistently outperforms those trained with
EM threshold rollout evaluation across both model

architectures. For Llama-CoPRM, using F1 thresh-
old for rollout evaluation achieves average improve-
ments of 0.2 EM points, 0.87 F1 points, and 1.35
LJ points. For Qwen-CoPRM, the F1 threshold
approach yields average gains of 0.95 EM points,
0.99 F1 points, and 1.65 LJ points.

The stricter EM threshold produces more con-
servative rollout success assessments, leading to
sparser positive training signals during preference
data collection. This sparsity reduces the diversity
of successful reasoning patterns captured in the
training data, limiting CoPRM’s ability to learn
nuanced quality distinctions. In contrast, the F1
threshold captures a broader spectrum of partially
successful reasoning paths, enabling more robust
step evaluation capabilities.

These findings demonstrate that overly stringent
evaluation criteria can paradoxically reduce train-
ing signal quality by creating artificial sparsity
in preference data. The success of F1 threshold
rollout evaluation shows that incorporating partial



Model Type HotpotQA 2WikiMultihopQA MuSiQue Bamboogle AVG

EM Fl LI | EM Fl L] | EM Fl LI | EM Fl LI | EM Fl LJ
Base 45.40 5791 68.00|49.60 56.14 56.60|26.00 37.75 42.20 |49.60 62.98 64.80 | 42.65 53.70 57.90
Instruct 46.60 59.70 70.80 | 50.60 56.65 56.80 | 28.00 38.80 42.60 | 50.40 60.11 63.20 | 43.90 53.82 58.35

Table 19: Performance of ReSearch agent guided by Qwen-CoPRM with different foundation model types (base vs.
instruct), measured by EM, F1, and LJ metrics across four datasets.

o HotpotQA 2WikiMultihopQA MusSiQue Bamboogle Average
Model | Criterion | o\ " "p/ ™y |EM PRI LJ |EM FI LI |EM FI LI | EM Fl LI
Lama | EM 486 6059 710|520 57.67 598|270 3821 408|512 61.6 624 | 47 5452 585

Fl 490 6156 722|518 5828 594|260 3801 414|528 637 664 | 449 5539 5985
Qwen EM | 47.6 5058 68.6 | 480 545 550 | 282 38.15 41.6 | 480 59.09 61.6 | 42.95 5283 567

Fl 466 597 70.8|50.6 56.65 568 | 280 388 42.6|504 60.11 632 | 439 53.82 5835

Table 20: Performance of ReSearch agent guided by CoPRM trained on preference data collected using different

rollout evaluation criteria, measured by EM, F1, and LJ metrics across four datasets.

credit mechanisms in rollout evaluation leads to
more effective PRMs for guiding search agent rea-
soning.

F Data Construction Cost Analysis

We provide a quantitative analysis of the data
construction cost for COPRM compared to base-
line PRMs. All CoPRM components utilize lo-
cally deployable open-source models (e.g., Qwen-
7B, QwQ-32B) and are fully compatible with
consumer-grade hardware such as the RTX 3090.

Data Construction Cost. Generating 10,000
training samples requires approximately 19.4 H100
GPU-hours in total, comprising 10.0 H100 GPU-
hours for Stage 1 ranking and 9.4 H100 GPU-hours
for parallelized Stage 2 batched rollouts. Stage 3
relies exclusively on CPU processing and incurs
negligible overhead. In comparison, generating
equivalent data volumes requires 15.9 H100 GPU-
hours for GymPRM and 20.1 H100 GPU-hours for
RePRM.

Amortized Efficiency and Data Quality. Al-
though GymPRM requires less upfront compute,
CoPRM provides superior efficiency across two
practical dimensions:

* Amortized Efficiency: CoPRM’s construction
serves as a scalable one-time investment. Trained
on a single agent’s trajectories, CoPRM pro-
vides plug-and-play guidance to all five evaluated
search agents without agent-specific retraining
(Table 1), yielding an amortized cost of ~3.9
H100 GPU-hours per agent.

* Data Utilization Efficiency: As demonstrated in
Figure 3, baseline PRMs plateau or even degrade

with increasing data volume, as scaling without
quality control amplifies assessment noise. Co-
PRM trained on merely 2,000 samples already
surpasses the 10k-sample performance of both
GymPRM and RePRM, confirming that collabo-
rative calibration concentrates resources on high-
signal preference pairs rather than sheer volume.

G Baseline Details

This section introduces baseline models and
datasets used in our evaluation to ensure full re-
producibility of our experimental results.

G.1 Foundational Baselines

We first establish performance baselines using tra-
ditional approaches that rely solely on carefully de-
signed prompts without specialized training. These
baselines serve as lower bounds and help contextu-
alize the value of search-based reasoning:

* Naive Generation: Direct answer generation
without external search, serving as a lower bound
baseline that relies solely on parametric knowl-
edge.

* Naive RAG: Standard retrieval-augmented gen-
eration with single-step search and answer gener-
ation, representing the simplest form of retrieval-
augmented reasoning.

¢ Iter-RetGen (Shao et al., 2023): An iterative
retrieval and generation approach that alternates
between search and reasoning steps, providing a
more sophisticated retrieval strategy.

e IRCoT (Trivedi et al., 2023): Interleaving re-
trieval with chain-of-thought reasoning specifi-
cally designed for multi-hop question answering
tasks.



Implementation Details: For all foundational
baselines, we use the FLASHRAG (Jin et al.,
2025c) implementation.

G.2 Search Agent Baselines.

Moving beyond foundational approaches, we evalu-
ate CoPRM’s guidance effectiveness across search
agents implemented through different training
paradigms. This evaluation design demonstrates
that our CoPRM can enhance reasoning regardless
of how the underlying agents were trained:

Prompt-Engineering Based Agents. We in-
clude prompt-based agents that rely solely on care-
fully designed prompts without specialized train-
ing:

¢ PE-ReSearch: Our implementation of a prompt-
engineering based search agent, using prompts
consistent with ReSearch (Chen et al., 2025b)
but without any fine-tuning, establishing a strong
prompt-engineering baseline.

Implementation Details: This baseline utilizes
Qwen2.5-7B-Instruct as the foundation model and
relies solely on the ReSearch system prompt (de-
tailed in Section M) without any parameter updates.

Supervised Fine-Tuning (SFT) Based Agents.
To represent learning from expert demonstrations,
we include agents trained on successful reasoning
trajectories:

* RS-ReSearch: This agent is created by fine-
tuning the base model exclusively on successful
reasoning paths, which are selected via rejection
sampling from the data generated in our initial
filtering stage (as described in Section H.1).

Implementation Details: Specifically, from all
reasoning trajectories generated during the question
filtering rollout process, we apply rejection sam-
pling to retain only trajectories whose final answers
achieve F1 scores greater than 0.5 when compared
to ground truth answers. After trajectory dedu-
plication, we mask the content between <result>
and </result> tags since these segments repre-
sent external retrieval environment feedback rather
than model-generated content. The resulting cu-
rated trajectories are used to conduct supervised
fine-tuning on Qwen2.5-7B-Instruct, creating an
agent trained exclusively on successful reasoning
demonstrations.

Reinforcement Learning (RL) Based Agents.
We evaluate against state-of-the-art RL-trained
search agents that learn search strategies through
environmental interaction, representing the best
performing search agent approaches in current re-
search:

¢ ReSearch (Chen et al., 2025b): A reinforcement
learning approach that treats search operations as
integral components of chain-like reasoning pro-
cesses, training models from scratch to learn in-
teractive reasoning-search patterns using GRPO
without supervised reasoning data.

* R1-Searcher (Song et al., 2025): A two-stage RL
framework that first uses retrieve-reward to teach
correct retrieval invocation format, then applies
answer-reward to learn effective knowledge uti-
lization, enabling autonomous exploration with-
out distillation or cold-start training.

* Search-R1 (Jin et al., 2025b): A training frame-
work that models search engines as environmen-
tal components with retrieved token masking for
optimization stability, supporting multi-turn in-
terleaved reasoning through structured token for-
matting.

Implementation Details: For ReSearch, R1-
Searcher, and Search-R1, we use the same prompts
as their original work, with detailed prompts pro-
vided in Section M. For ReSearch, we use the
model trained with reinforcement learning on
Qwen2.5-7B-Instruct base model from their im-
plementation. For R1-Searcher and Search-R1, we
use the models trained with reinforcement learning
on Qwen2.5-7B-base model from their respective
implementations.

G.3 Inference-Time Guidance Baselines

Finally, to directly evaluate CoPRM’s effective-
ness as an inference-time guidance mechanism, we
compare against existing inference-time guidance
methods. This comparison isolates the contribution
of our CoPRM guidance from the underlying agent
capabilities:

* Greedy Decoding: Selects the highest-
probability action at each step, representing the
default inference strategy without any guidance
mechanism.

¢ Self-Consistency (SC) (Wang et al., 2023): Gen-
erates multiple candidate steps and selects the



most frequent action at each step, providing a
strong ensemble-based baseline for comparative
evaluation.

* GymPRM (Xiong et al., 2026): An LLM-based
process reward modeling approach that trains
a critic r4 to evaluate state-action pairs, distin-
guishing preferred from less-preferred intermedi-
ate actions.

* RePRM (Sun et al., 2025c): An MC-based
process reward modeling approach that utilizes
Monte Carlo estimation to derive supervision sig-
nals for training the reward model.

GymPRM Implementation Details: To ensure
fair comparison with our CoPRM, we implement
GymPRM using QwQ-32B with identical ranking
prompts (as detailed in Section M.1) for state eval-
uation and preference pair generation. Following
the original authors’ implementation, we train the
GymPRM model using preference pairs derived
from these rankings, maintaining experimental con-
sistency by utilizing 10,000 preference pairs to
match the training dataset size used for our Co-
PRM model.

RePRM Implementation Details: We implement
RePRM using the source code provided by the
authors. To ensure a fair comparison, we use the
same ReSearch-Qwen-7B-Instruct as CoPRM to
serve as the trajectory generator. Following the
MC-based data collection algorithm described in
their paper, we generate 10,000 PRM training data
samples to train the model.

This comprehensive baseline design enables us
to evaluate CoPRM framework across multiple di-
mensions: its effectiveness compared to traditional
QA approaches (foundational baselines), its gener-
alizability across agents trained through different
paradigms (search agent baselines), and its direct
superiority over existing inference-time guidance
methods (inference-time guidance baselines).

H Details of Training Data Collection

This section provides additional details of our Col-
laborative Calibration methodology described in
Section 4.1.

H.1 Question Filtering for Quality Assurance

To ensure that preference pairs exhibit clear and
substantive quality differences between positive

and negative samples, we begin with a careful ques-
tion filtering process. Starting from 2,000 ques-
tions in HotpotQA (Yang et al., 2018), we employ
ReSearch-Qwen-7B-Instruct (Chen et al., 2025b)
with the system prompt detailed in Section M to
perform 8 rollouts per question. Each rollout gener-
ates a complete problem-solving trajectory leading
to a final answer.

We then filter questions based on answer diver-
sity: questions where all 8 rollouts produce either
entirely correct or entirely incorrect final answers
are removed, as they fail to provide meaningful
quality distinctions for preference learning. The
correctness of final answers is determined by com-
puting the F1 score between the predicted answer
and the ground truth answer, with answers achiev-
ing F1 scores greater than 0.5 considered correct.
This filtering retains 654 questions that demonstrate
mixed success rates during the sampling process,
ensuring that the subsequent preference data collec-
tion occurs over questions with meaningful quality
variations.

H.2 State Generation and Immediate Quality
Assessment

At each time step ¢, we use ReSearch-Qwen-7B-
Instruct with temperature=1.0 to generate k = 10
candidate steps. After deduplication to remove
redundant candidates, all unique candidate steps
are evaluated using our immediate quality assess-
ment framework. The highest-ranked candidate is
selected for state advancement.

Our immediate quality assessment employs
QwQ-32B (Qwen Team, 2025b) as an LLM ranker
to evaluate candidate steps based on reasoning
soundness and action appropriateness. Rather than
absolute scoring, we use comparative ranking be-
cause it enables more effective assessment of rel-
ative quality differences between candidates (Liu
et al., 2024).

The ranking process evaluates each candidate
step across three key criteria: (1) Reasonableness
and Sufficiency of Thought: Whether the reason-
ing process demonstrates logical coherence and
adequate analysis of available information; (2) Ne-
cessity, Utility, and Accuracy of Action: Whether
the proposed action (search query or answer) is
well-motivated, useful for progress, and accurately
formulated; (3) Redundancy Check: Whether the
action avoids unnecessary repetition of previous
search efforts. The detailed prompt for this ranking
process is provided in Section M. 1.



To ensure computational efficiency and focus our
outcome-informed evaluation on questions with
meaningful learning potential, we implement an
additional filtering step after the immediate quality
assessment stage. For each question, after generat-
ing and ranking all states through the ranker-guided
iterative process, we examine the quality distri-
bution of answer candidates across all generated
states.

Specifically, if all answer candidates p§ gener-
ated across all states for a given question yield
F1 scores below the threshold 7, we exclude this
question from subsequent Monte Carlo rollout
evaluation. This pre-rollout filtering mechanism
serves two key purposes: (1) Computational Ef-
ficiency: It eliminates expensive rollout computa-
tions for questions where the search agent consis-
tently fails to generate viable answer candidates,
and (2) Learning Quality: For such questions, all
candidate steps would likely yield similar Monte
Carlo estimates near zero, making quality distinc-
tions between steps indiscernible and thus provid-
ing limited learning signal for preference modeling.

H.3 Example Preference Pair

The following example illustrates a typical prefer-
ence pair from our collected dataset:

Example Preference Pair

Question: What is the broadcasting location of the program
on which the music video for the song "Out of the Woods"
premiered?

Previous State Context (s:):

<think>

To find the broadcasting location of the program on which
the music video for "Out of the Woods" premiered, I will
first search for information about the music video’s pre-
miere.

</think>

<search>

Which program premiered the music video for "Out of the
Woods"?

</search>

<result>

"Out of the Woods" serves as the sixth official single with
an accompanying music video that premiered on December
31, 2015, during "Dick Clark’s New Year’s Rockin’ Eve"
on ABC... [additional search results omitted for brevity]
</result>

Preferred Step (p;):

<think>

After analyzing the information from the sources, it is clear
that the relevant program in question is "Dick Clark’s New
Year’s Rockin” Eve" on ABC which premiered the music
video for the song "Out of the Woods". Now I will look for
the location where this program is broadcasted to finalize
the question.

</think>

<search>

Broadcasting location of "Dick Clark’s New Year’s Rockin’
Eve"

</search>

Less Preferred Step (p; ):

<think>

I’ve gathered information on the program that aired the
music video for "Out of the Woods" as it premiered on
December 31, 2015. It was during "Dick Clark’s New
Year’s Rockin” Eve" on ABC. I now know the broadcasting
location of the program which aired the music video.
</think>

<search>

On which channel was "Dick Clark’s New Year’s Rockin’
Eve" aired?

</search>

In this example, the preferred step demonstrates
more focused reasoning toward the specific ques-
tion about broadcasting location and formulates a
more targeted search query, while the less preferred
step shows redundant information gathering that
has already been established.

H.4 Data Construction Pipeline Algorithm

This section provides the detailed algorithmic de-
scription of our CoPRM training data construction
pipeline. The complete algorithm is presented in
Algorithm 1.

I Implementation Details

This section provides comprehensive technical im-
plementation details for our CoPRM framework, in-
cluding training configurations, inference settings,
retrieval configurations, evaluation metrics, relative
improvement calculation methodology, computa-
tional infrastructure, and detailed prompts used
throughout the implementation, ensuring repro-
ducibility and transparency of our methodology.

Al Use Statement. Generative Al tools were
used solely for coding assistance and language pol-
ishing.

I.1 Training Configuration

The detailed hyperparameters for CoPRM training
are summarized in Table 21. All PRM models are
trained for one epoch using the specified hyperpa-
rameters.

1.2 Inference Configuration

During PRM-guided inference, we generate 10 can-
didate steps at each reasoning step with tempera-
ture=1.0. The CoPRM selects the highest-scoring
candidate according to our collaborative consensus



Hyperparameters Value
Learning rate 2x107°
LR scheduler Cosine
Weight decay 0.001
Gradient clip 1.0
Optimizer AdamW (81 = 0.9, B2 =
0.999)
Warm-up ratio 0.01
Training data quantity 10K
Batch size 16
Sequence length 4096
Mixed precision training BF16

Training epochs 1

L5 Relative Improvement Calculation

All relative improvements reported in the main pa-
per are computed as Io,g = %(IEM +Ip1 + I1y),
where each I,,, = (C),, — By,)/Bm x 100% com-
pares CoPRM’s average performance C),, against
the strongest existing baseline B,,, for each agent
across all four datasets. Table 22 summarizes these
results.

Search Agent Average Imp. Strongest Baseline

Table 21: Detailed hyperparameters of our CoPRM
training.

framework for step-by-step guidance throughout
the reasoning process.

LI.3 Retrieval Configuration

Following ReSearch methodology, our retrieval en-
vironment employs the FLASHRAG toolkit (Jin
et al., 2025¢c) with ES-base-v2 (Wang et al., 2022)
as the dense retriever and Wikipedia (December
2018 version) (Karpukhin et al., 2020) as the knowl-
edge base. All the corpus indexing and embed-
ding has been preprocessed by FlashRAG. For
BrowseComp-Plus, we use BM25 retrieval over
its fixed corpus.

1.4 Evaluation Metrics

Exact Match (EM) Binary accuracy metric
measuring whether the predicted answer exactly
matches the ground truth answer after normaliza-
tion.

F1 Score Token-level F1 score measuring the
overlap between predicted and ground truth an-
swers using precision and recall.

LLM-as-a-Judge (LLJ) Semantic evaluation us-
ing Qwen2.5-72B-Instruct (Yang et al., 2024) to
assess answer correctness through natural language
understanding, capturing semantic equivalence be-
yond exact string matching. The evaluation fol-
lows the prompt template detailed in Section M,
which instructs the judge to determine correctness
based on semantic similarity rather than exact tex-
tual match.

BrowseComp-Plus  Evaluation. Following
the benchmark protocol, we employ Qwen3-
32B (Qwen Team, 2025a) as a judge to evaluate
the correctness of final answers and report answer
accuracy and evidence recall.

Llama-based PRMs

PE-ReSearch 9.6% Self-Consistency
ReSearch 8.2% Self-Consistency
Search-R1 5.1% GymPRM
R1-Searcher 3.1% GymPRM
RS-ReSearch 3.5% Greedy
Owen-based PRMs

PE-ReSearch 3.7% Self-Consistency
ReSearch 4.3% GymPRM
Search-R1 2.5% GymPRM
R1-Searcher 4.2% RePRM
RS-ReSearch 2.0% Greedy

Table 22: Summary of relative improvements and
strongest baselines for each search agent.

1.6 Computing Infrastructure and Software
Environment

All experiments were conducted on a server
equipped with dual Intel Xeon Platinum 8558
CPUs, 2TB system RAM, and 4 x NVIDIA
H100 80GB GPUs running Ubuntu 22.04.5 LTS.
The experimental framework utilizes the follow-
ing libraries: torch=2.5.1, CUDA version=12.4,
transformers=4.49.0, accelerate=1.5.2, trl=0.13.0,
vllm=0.6.5, datasets=3.3.2, faiss-gpu=1.8.0, deep-
speed=0.16.3.

J CoPRM-guided inference Algorithm

This section provides the detailed algorithmic de-
scription of our CoPRM-guided inference process,
complementing the methodology presented in the
main paper. The complete algorithm is presented
in Algorithm 2.

K Inference Efficiency Analysis

To address concerns about the computational over-
head of CoPRM-guided inference, we provide a
detailed analysis of absolute inference time met-
rics. Our experiments were conducted under the
following configuration:



Hardware and Software Configuration.

* GPU: Single NVIDIA H100 (80GB)

* Inference Framework: vLLM 0.6.5

* Policy Model: ReSearch-Qwen-7B-Instruct

* Reward Model: Llama-CoPRM (Llama-3.1-8B-
Instruct based)

* Evaluation Dataset: 500 HotpotQA samples

Absolute Time Metrics. Table 23 presents the
detailed breakdown of inference time components.

Metric | Value

2723.34 seconds
(45.39 minutes)
5.447 seconds

Total Inference Time

Average Time per Sample

Reward Model Total Time 562.38 seconds
Reward Model Time per Sample | 1.125 seconds
Reward Model Time Ratio 20.65%

53.10 seconds
0.106 seconds
1.95%

Search Engine Total Time
Search Engine Time per Sample
Search Engine Time Ratio

Table 23: Absolute inference time metrics for CoOPRM-
guided inference on 500 HotpotQA samples using a
single H100 GPU.

Practical Deployment Considerations. Our
analysis reveals several important findings for prac-
tical deployment:

1. Acceptable Absolute Latency: The average
processing time of ~5.45 seconds per sample is
practical for many real-world applications, par-
ticularly in knowledge-intensive QA scenarios
where users expect thoughtful, well-researched
responses.

2. Modest Overhead: The reward model con-
tributes only 20.65% of the total inference time,
and search engine latency is negligible (1.95%),
indicating that the majority of computational
cost comes from the policy model’s generation
of candidate steps.

Potential Optimizations. The current implemen-
tation can be further optimized through several ap-
proaches:

* Parallel Candidate Generation: Generating
and scoring multiple candidates in parallel can
reduce wall-clock time.

* Reward Model Caching: Caching reward scores
for similar reasoning states can eliminate redun-
dant computations.

These optimizations represent promising direc-
tions for future work to further enhance the practi-
cal efficiency of PRM-guided inference.

L Additional Related Work

In this section, we expand on the related works
discussed in Section 2. Our work is closely related
to two specific categories of research: Process Re-
ward Models (PRMs) and PRM-guided test-time
scaling. Below, we discuss each category and posi-
tion our work within the broader landscape.

L.1 Process Reward Models

Process Reward Models (PRMs) have emerged
as a pivotal approach to enhancing LLLM reason-
ing through step-wise supervision (Uesato et al.,
2022). Initially validated in mathematical reason-
ing, PRMs provide granular feedback to verify in-
termediate logic steps (Lightman et al., 2024; Wang
et al., 2024; Sun et al., 2025a). To mitigate the
cost of human annotation, recent advancements
have transitioned toward automated supervision,
employing methods such as Monte Carlo estima-
tion (Wang et al., 2024; Luo et al., 2024) or LLM-
as-a-Judge (Zhang et al., 2025a; Gao et al., 2025a)
to synthesize process labels.

Beyond mathematics, the application of PRMs
has recently expanded into general agentic tasks.
Notable works include Web-Shepherd (Chae et al.,
2025), which targets web navigation, and Agent-
PRM (Xi et al., 2026), which introduces “Promise”
and “Progress” metrics for decision-making bench-
marks. Similarly, (Choudhury, 2025) validate pro-
cess rewards on embodied tasks. However, apply-
ing these frameworks to search agents presents fun-
damental ontological and evaluative mismatches.

Existing agent PRMs primarily address tasks
governed by grounded actions intended to mod-
ify the physical or environmental state (e.g., “buy
an item”, “move to a grid”, or “craft a tool”).
In these scenarios, rewards typically quantify the
physical proximity to a concrete goal state. In
contrast, search agents perform epistemic actions
aimed at altering the agent’s internal knowledge
state without necessarily changing the external en-
vironment. Standard agent metrics like “Progress”
fail to capture the nuances of information gain or
resolve the critical epistemic dilemma unique to



Aspect Zhang et al.| CoPRM Implication
(2025d)
Step type Homogeneous | Heterogeneous Cross-type decisions
deduction (Search/Answer) | are unavoidable
Supervision | Binary correct-| Calibrated prefer-| Valid-but-redundant
ness ences for strategic | steps require finer
utility granularity

Cross-type N/A Outcome- Prevents premature
informed gating | answering or redun-

(Eq. 6) dant search

Data Trajectory-level | Rank-guided iter-| Produces  relative
generation, ative step genera-| supervision aligned
then post-hoc | tion with step selection

evaluation

Inference Post-hoc (BoN) | Online step-wise | Avoids error prop-
(Alg. 2) agation in early

search steps

Table 24: Key differences between Math PRMs (specifi-
cally Zhang et al. (2025d)) and CoPRM, with implica-
tions for search agents.

search: the trade-off between acquiring more infor-
mation (Search) and utilizing current knowledge
(Answer). Our Collaborative Calibration method-
ology is specifically designed to bridge this gap by
measuring sufficiency rather than physical proxim-
ity.

Furthermore, CoPRM differs fundamentally
from Math PRMs in both supervision target and
methodological design. Recent work such as Zhang
et al. (2025d) has proposed consensus filtering that
combines LLM-as-a-judge with MC estimation to
construct process reward data for mathematical rea-
soning. While CoPRM shares the high-level prin-
ciple of synthesizing complementary signals, our
contribution addresses the distinct structural chal-
lenges of search agents. Table 24 summarizes the
key methodological differences and their implica-
tions.

These search-specific designs yield distinctive
empirical advantages: CoPRM trained on a sin-
gle agent’s trajectories from only HotpotQA gen-
eralizes to guide diverse search agents across un-
seen datasets without retraining (Table 1) and re-
mains robust across backbone families (Table 5).
Ablation studies confirm the necessity of the two
core components of collaborative calibration: same-
type consensus filtering (Table 3) and cross-type
outcome-informed gating (Table 4).

L.2 PRM Guided Test-Time Scaling

PRMs are widely utilized for test-time scaling to
enhance inference performance without retrain-
ing the base model. The most prevalent strategy
is Best-of-N (BoN), where the model generates

N complete solutions, and the PRM ranks them
post-hoc to select the optimal trajectory (Light-
man et al., 2024). To achieve more granular con-
trol, other approaches integrate PRMs directly into
tree search algorithms—such as Monte Carlo Tree
Search (MCTS) (Guan et al., 2025), beam search
(Cinquin et al., 2025), or greedy search (Zhang
et al., 2025b). In these paradigms, partial solu-
tions are expanded at each decoding step, and the
PRM evaluates the utility of the new step to guide
subsequent exploration (Snell et al., 2025).

However, heavy scaling strategies like BoN and
tree search face critical limitations when applied to
search agents. The standard BoN approach suffers
from what we term “full trajectory generation lag,”
as it necessitates generating complete trajectories
prior to evaluation. In a search context, this re-
quires the agent to perform all retrieval interactions
and process the accumulated long-context infor-
mation for every candidate trajectory, even if the
initial steps are fundamentally flawed. This results
in substantial computational overhead and latency,
rendering it impractical for real-time deployment.
Similarly, while tree search algorithms such as
MCTS and beam search enable intermediate evalu-
ation, they often impose prohibitive computational
costs. MCTS requires extensive rollouts at every
node, while beam search necessitates maintaining
multiple active candidate paths (beams) throughout
the generation process. For search agents, where
each step involves retrieving and processing ex-
ternal knowledge, these approaches significantly
multiply the computational burden of inference and
retrieval, rendering them inefficient for real-time
deployment.

To address these challenges, our work imple-
ments a PRM-guided step-wise greedy search strat-
egy that balances exploration with computational
efficiency. This lightweight and effective decoding
strategy allows us to apply CoPRM across diverse
search agents, ensuring a fair and scalable compar-
ison of guidance effectiveness.

M Prompt Details

This section provides detailed prompts used in our
CoPRM framework implementation.

M.1 LLM Ranking Prompt for Immediate
Quality Assessment

The following prompt is used for LLM-based rank-
ing of candidate steps in the immediate quality



assessment.

System and User Prompts for LLM Ranking in
Immediate Quality Assessment

System Prompt:

You are a decision evaluation assistant. Your task is
to rank the proposed next actions for an Al agent that
solves problems step-by-step using a Wikipedia search
tool. The agent’s workflow is: Think — Search — Get
Results — Think Again — Decide Next Action (new
search or provide final answer). A "proposed next action"
includes the agent’s thought process (<think>...</think>)
and the specific action it proposes based on that thought
(<search>...</search> or <answer>...</answer>). You
will be given: the original question, the existing search
result history, and a list of one or more "proposed next
actions". Based on this information, please rank the
proposed actions from most to least appropriate.

User Prompt:
## Original Question:
{question}

## Existing Search Result History:
{curr_history}

## List of Proposed Next Actions:
{actions_text_with_think}

### Important Assumptions

1. The agent has no prior knowledge of the subject matter
and must rely solely on the "Existing Search Result
History" to evaluate and answer the "Original Question".
2. The "Existing Search Result History" is the objective
information obtained by the agent.

3. The "<think>" part in a "proposed next action"
shows the agent’s analysis and inference process before
proposing a specific search or answer. This part may
contain misunderstandings or insufficient use of historical
information.

### Appropriateness Evaluation Criteria

1. Check for Reasonableness and Sufficiency of Thought
2. Check for Necessity, Utility, and Accuracy of Action
3. Redundancy Check

4. ... (detailed criteria omitted for brevity)

### Expected Output Format

- Output the indices of the ranked actions in JSON format:
“¢json{"ranked_indices": [list of indices]}“‘.
For example, a valid output is:
“¢json{"ranked_indices": [0, 1, 2]}“¢

Another example: “‘json{"ranked_indices": [3, 0,
2, 173«

Your entire output must be precisely this JSON format and
nothing else.

- Rank the actions from most to least appropriate according
to the evaluation criteria above.

- Do not provide additional explanations or justifications.

M.2 LLM-as-a-Judge Evaluation Prompt

The prompt used for semantic evaluation (LJ met-
ric) in our experimental evaluation, as described in
the Experiments section.

Prompt for LL.M-as-a-Judge Semantic Evalua-
tion

You will be given a question and its ground truth answer list
where each item can be a ground truth answer. Provided
a pred_answer, you need to judge if the pred_answer
correctly answers the question based on the ground truth
answer list. You should first give your rationale for the
judgement, and then give your judgement result (i.e.,
correct or incorrect).

Here is the criteria for the judgement:

1. The pred_answer doesn’t need to be exactly the same as
any of the ground truth answers, but should be semantically
same for the question.

2. Each item in the ground truth answer list can be
viewed as a ground truth answer for the question, and the
pred_answer should be semantically same to at least one
of them.

question: {question}
ground truth answers: {gt_answer}
pred_answer: {pred_answer}

The output should in the following json format:
“e J'son

{

"rationale”: "your rationale for the judgement,
as a text”,

"judgement”: "your judgement result, can only
be ’correct’ or ’incorrect’”

}

“e

Your output:

M.3 Search Agent Reasoning Prompts

The system prompts used by different search agents
in our evaluation framework.

ReSearch Agent System Prompt

You are a helpful assistant that can solve the given ques-
tion step by step with the help of the wikipedia search tool.
Given a question, you need to first think about the reasoning
process in the mind and then provide the answer. Dur-
ing thinking, you can invoke the wikipedia search tool to
search for fact information about specific topics if needed.
The reasoning process and answer are enclosed within
<think> </think> and <answer> </answer> tags respec-
tively, and the search query and result are enclosed within
<search> </search> and <result> </result> tags re-
spectively. For example, <think> This is the reasoning
process. </think> <search> search query here </search>
<result> search result here </result><think> This is the



reasoning process. </think> <answer> The final answer is
\[ \boxed{answer here} \] </answer>. In the last part of the
answer, the final exact answer is enclosed within \boxed{}
with latex format.

Search-R1 Agent System Prompt

Answer the given question. You must conduct reason-
ing 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 <information> and </information>. You can
search as many times as your want. If you find no further
external knowledge needed, you can directly provide the
answer inside <answer> and </answer>, without detailed
illustrations. For example, <answer> Beijing </answer>.
Question: {{question}}

R1-Searcher Agent System Prompt

The User asks a question, and the Assistant solves it. The
Assistant first thinks about the reasoning process in the
mind and then provides the User with the final answer.
The output format of reasoning process and final answer
are enclosed within <think> </think> and <answer>
</answer> tags, respectively, i.e., "<think> reasoning
process here </think> <answer> final answer here
</answer>". During the thinking process, the Assistant
can perform searching for uncertain knowledge if necessary
with the format of "<|begin_of_query|> search query
(only keywords) here <|end_of_query|>". A query
must involve only a single triple. Then, the system will
provide the Assistant with helpful information with the
format of "<|begin_of_documents|> ...search results...
<|end_of_documents|>".

User:{{question}}
Assistant: <think>

N Notation and Symbols

This section provides a comprehensive reference
of all symbols and notations used throughout the
paper. Table 25 summarizes the key symbols orga-
nized by category.

O Case Study Analysis

This section presents detailed case study analyses
to empirically validate the limitations discussed
in Section 1: assessment unreliability in existing
PRMs. Through a systematic comparison of Co-
PRM against these baselines, we illustrate how
CoPRM mitigates these biases to provide precise
strategic guidance.

0.1 Case Study 1: Mitigating Speculative
Selection and Hallucination in Historical
Reasoning

Historical multi-hop reasoning requires maintain-
ing a rigorous genealogical chain. Table 26 com-
pares the reasoning trajectories for the question:
"Who is Gaius Rubellius Blandus’s father-in-law?"

* CoPRM: CoPRM correctly identifies the logical
dependency: to find a father-in-law, one must first
identify the spouse. It selects the step targeting
the marriage relationship ("who was gaius rubel-
lius blandus married to?"), successfully bridging
the knowledge gap.

* RePRM: In Step 2, RePRM gets distracted by
the prominent entity "Tiberius" found in the re-
trieved context ("granddaughter of Tiberius"), ig-
noring the true search target (the spouse’s fa-
ther). Consequently, it attempts a speculative
shortcut: it speculatively assumes the answer is
directly related to this famous figure, thus query-
ing "Tiberius’s father" and skipping the necessary
logical step of identifying Julia Livia’s father
first.

* GymPRM: GymPRM suffers from specious se-
lection. It performs valid retrieval steps, correctly
identifying the spouse (Julia Livia) and querying
her father. However, despite retrieving the cor-
rect answer ("daughter of Drusus Julius Caesar"),
it exhibits specious hallucination driven by plau-
sibility bias in the final reasoning. It mimics
the behavior of selecting a superficially plausible
prominent entity in the context ("Tiberius") as
the father-in-law, ignoring the retrieved evidence.

0.2 Case Study 2: Overcoming Distractors in
Compositional Reasoning

Complex questions often contain "distractor” enti-
ties that can trigger strategic derailment. Table 27
illustrates a scenario requiring query decomposi-
tion: "Who is the child of the Italian navigator...
where Christian Sdnchez was born?"

* CoPRM: CoPRM employs strategic simplifica-
tion, correctly prioritizing the main subject (the
navigator) while ignoring the nested distractor
until necessary.

* RePRM: RePRM demonstrates speculative se-
lection. It formulates an under-specified query
by omitting the "sailed for England" constraint.



Instead of resolving this ambiguity, it bets on a
"prominent entity" path, asking "who is the son
of amerigo vespucci?”, leading to the incorrect
answer "lorenzo vespucci".

GymPRM: GymPRM exhibits specious selec-
tion. It effectively resolves the distractor ("El Sal-
vador") but then gets distracted by this specious
local detail. Instead of adhering to the global
constraint ("sailed for England"), it incorrectly
narrows the scope to "Central America", leading
to an inefficient path and an erroneous conclu-
sion.



| Description

State and Action Space

Q The initial query or question.

H; The history of prior thoughts, searches, and retrieved results up to time ¢.

S The state space of the search agent.

St The state at time step ¢, represented as a tuple (Q, Hz).

A The action space, containing search and answer actions.

at The action at time step ¢, either a search action or an answer action.
Process Units (Steps)

P The space of process units (steps).

Dt A process unit at time step ¢, represented as a tuple (7%, a).

pi The i-th candidate step at time step ¢.

T: The reasoning (think) component of a process unit at time step t.

P, The candidate step set at time step ¢, P; = {p;,...,p}}.

Pts The subset of search steps in P;.

pA The subset of answer steps in P;.

i The preferred (positive) step in a preference pair.

pr The less preferred (negative) step in a preference pair.

jn The optimal step selected by CoPRM at time step ¢.

Preference Functions

Immediate quality preference from LLM ranking. Returns {+1, —1,0}.
Outcome-informed preference. Returns {+1, —1,0}.

o™ Outcome-informed preference for same-type step pairs.
ol Outcome-informed preference for cross-type (search vs. answer) pairs.
Pref;; Final preference after collaborative consensus. Returns {41, —1,0}.
Evaluation Metrics and Functions
V(st, pi) Monte Carlo estimated value of a search step p; from state s:.
Fl1(p¢, ans™) F1 score between the answer in step p® and ground truth ans™.
ans”* The ground truth answer.
ans; The final answer from rollout j.
Model and Training
Té The CoPRM reward model parameterized by ¢.
D The preference dataset, D = {(s¢,p;", p; )}
Lprum () The pairwise ranking loss for PRM training.
Hyperparameters
k Number of candidate steps generated per time step.
N Number of Monte Carlo rollouts for search step evaluation.
T F1 threshold for determining rollout success.
0 Gating threshold for cross-type preference determination.
Trax Maximum number of iterations allowed during inference.
Condition Notations
ij Condition that both p% and p{ are search steps: (pi_, p{ € P).
C{‘} Condition that both p} and p? are answer steps: (p},p] € P{*).
Operators and Functions
D Concatenation operator for updating history or state.
sign(+) Sign function returning {—1,0, +1}.
1 Indicator function (1 if condition holds, 0 otherwise).
o) Sigmoid function.

Table 25: Summary of notation and symbols used throughout this paper.



Algorithm 1 CoPRM Training Data Construction
Pipeline

Input: Questions Q, candidates k, MC rollouts NV, thresholds
7,0
Output: Preference dataset D = { (s, p;", p; )}

1: Question Filtering

D+ 0,B+0,9 + 0

: for each Q € Q do

Generate complete trajectories for Q)

if their final answers include successes and failures
then

6: Q' + Q' u{Q}
7 end if
8: end for
9: Stage 1: State Generation and LLM Ranking

10: for each Q € Q' do
11: s0 + (Q,0),Bg + 0
12:  while s, is not terminal do

13: P, < GENERATE(st, k)

14: P, < DEDUPLICATE(P;)

15: Rank P; to obtain Gi; = G(p}, pl)
16: Bg + Bo U {(s¢, P, G)}

17: St4+1 < ADVANCE(s¢, TOP(P;, G))

18: end while

19:  if HASVIABLEANSWER(Bg, 7) then

20: B+ BUBg

21: end if

22: end for

23: Stage 2: Outcome-informed Evaluation

24: £+ 0

25: for each (s¢, P;,G) € Bdo

26:  Estimate V (s, p) for all p{ € P by Eq. 4
27:  Evaluate F1(p¢, ans*) for all p¢ € PA

28:  Compute O3;™° and Of}ixed by Egs. 5-6

29: 5<—5U{(s,«,,Pt,G,O)}

30: end for

31: Stage 3: Collaborative Preference Construction
32: for each (s¢, P;,G,0) € £ do

33:  for each pair (p;, p]), with search first if mixed do

34 if C;j or C{? then

35: Prefij — G it Gy = Of;‘me, else 0
36: else )

37: Pref,; < Opixed

38: end if

39: if Pref,; = +1 then

40: D < D U{(st,pi,pi)}
41: else if Pref,; = —1 then
42: D« DU{(st,pi,pi)}
43: end if

44. end for

45: end for

46: return D

Algorithm 2 CoPRM-Guided Search Agent Infer-
ence
Input: Initial question (), Search engine SF,
Trained CoPRM 14, Max iterations T,,q,, Num-
ber of candidates k
Output: Final answer A f;y,q;

1: Initialize history H < InitialContext(Q))

2: Initialize state sp < (@, H)

3:3t+0

4: while t < T,,,, do

5: Generate diverse candidate steps

6:  Generate candidate set P, = {pi}*_, where
p% = (thv CL%)
if IsSEmpty(P;) then
Afinal < "No solution found"
: return A y;,q
10:  end if
11: CoPRM scoring and selection
12:  Compute reward scores for each candidate:

13: scores <— {ry(s¢,p) 1 p € P}
14:  Select optimal candidate:
15: pf < arg maxrgs(s¢,p)

pEP;

16: Execute step and update state
17:  Update history: H + H & T}
18:  if pj contains search action a;”" then

19: Execute search: SR < SE(a;}™")

20: Update history: H < H ® a}"”" ® SR
21: Update state: s¢1+1 < (Q, H)

22: t—t+1

23:  else if pj contains answer action a;"" then
24: Extract final answer: A 41 < af’*

25: return Ay;pq

26:  endif

27: end while
28: Afina < "Maximum iterations reached"
29: return Ay,




Question: Who is Gaius Rubellius Blandus’s father-in-law?  Ground Truth: Drusus Julius Caesar

Step 1: Initial Strategic Approach

CoPRM

Selected Query: “who was gaius rubellius blandus married to?”

Strategic Focus: Marriage relationship (directly targets the connection needed for father-in-law identification)

GymPRM
Selected Query: “who was gaius rubellius blandus wife?”
Strategic Focus: Correctly identifies the need to find the spouse.

RePRM
Selected Query: “who was gaius rubellius blandus and did he have a spouse?”
Strategic Focus: Correctly identifies the need to find the spouse.

Step 2: Information Processing and Strategic Focus

CoPRM

Retrieved Information: “..In AD 33, he married Julia Livia, granddaughter of the Roman emperor Tiberius...
Selected Query: “who was the father of julia livia, granddaughter of emperor tiberius?”

Strategic Focus: Correct lineage (targets Julia Livia’s father, the actual father-in-law)

GymPRM

Retrieved Information: “...In AD 33, he married Julia Livia, granddaughter of the Roman emperor Tiberius...
Selected Query: “who is the father of julia livia mentioned with gaius rubellius blandus?”

Strategic Focus: Correctly targets the father of the spouse.

RePRM

Retrieved Information: “..In AD 33, he married Julia Livia, granddaughter of the Roman emperor Tiberius.”
Selected Query: “who was the father of roman emperor tiberius?”

Strategic Focus: Speculative Selection: Skips the direct father and targets the grandfather’s father.

Strategic Issue: Speculative shortcut driven by the prominent entity "Tiberius".

1

1l

Step 3: Final Answer Determination

CoPRM

Retrieved Information: “...Julia Livia was the daughter of Drusus Julius Caesar and Livilla..”
Final Answer: “drusus julius caesar” v' CORRECT

Strategic Success: Maintains correct genealogical chain throughout reasoning process

GymPRM

Retrieved Information: “...Julia was the daughter of Livilla and Drusus Julius Caesar...”

Final Answer: “tiberius” x INCORRECT

Strategic Issue: Despite finding the correct answer (Drusus), it selects the specious prominent entity "Tiberius".

RePRM
Final Answer: “octavian” x INCORRECT
Strategic Issue: Speculative skip led to the wrong lineage (Tiberius’s father).

Table 26: Case Study 1: Step-by-step comparison of three guidance methods on historical multi-hop reasoning.
CoPRM maintains correct genealogical focus, whereas GymPRM suffers from hallucination and RePRM exhibits
speculative selection.



Question: Who's the son of the Italian navigator who sailed for England and explored the eastern coast of the continent
where Christian Sdnchez was born?
Ground Truth: Sebastian Cabot

Step 1: Strategic Decomposition of Complex Question

CoPRM

Selected Query: “who was the italian navigator that sailed for england and explored the eastern coast?”
Decomposition Strategy: Strategic Simplification: Retains “sailed for England” to uniquely identify the navigator.

GymPRM
Selected Query: “where was christian sinchez born?”
Strategic Focus: Correctly attempts to resolve the nested entity location.

RePRM

Selected Query: “who was an italian navigator who explored the eastern coast of a specific continent?”
Strategic Focus: Ambiguous Query: Drops the critical constraint “sailed for England”.

Strategic Issue: Speculative Selection: Query is under-specified (fits multiple navigators), leading to a guess.

Step 2: Information Processing and Strategic Focus

CoPRM

Retrieved Information: “...England’s claims in North America were based on the voyages of the Italian explorer John Cabot
(Giovanni Caboto) in the early 16th century...”

Selected Query: “who is the child of john cabot, the italian explorer who sailed for england?”

Strategic Focus: Single focused query (directly targets the child relationship needed)

GymPRM

Retrieved Information: “Christian Sanchez... born... in Sonsonate, El Salvador.”

Selected Query: “what italian navigator explored the eastern coast of central america?”

Strategic Focus: Specious Selection: Focuses on specious local detail "Central America" instead of "Sailed for England".
Strategic Issue: Specious Selection: Follows the specious "Central America" path leading to incorrect navigator.

RePRM

Retrieved Information: Documents about Vespucci, Columbus, Cabot...

Selected Query: “who is the son of amerigo vespucci?”’

Strategic Focus: Speculative Bet: "Gambles" on Vespucci being the target without evidence.
Strategic Issue: Reward the "shortcut" to a name.

Step 3: Final Answer Determination

CoPRM

Retrieved Information: “Sebastian Cabot was the son of Italian explorer John Cabot (Giovanni Caboto) and his Venetian
wife Mattea.”

Final Answer: “sebastian cabot” v' CORRECT

Strategic Success: Successfully maintains focus on the main question throughout the reasoning chain

GymPRM

Retrieved Information: Information about Columbus discovering Central/South America...

Final Answer: “ferdinand columbus” x INCORRECT

Strategic Issue: Fail: Derailment due to following plausible but wrong details (Central America).

RePRM
Final Answer: “lorenzo vespucci” x INCORRECT
Strategic Issue: Fail: Speculative skip led to the wrong lineage (Vespucci).

Table 27: Case Study 2: Step-by-step comparison showing strategic derailment and error propagation in complex
compositional reasoning. CoPRM maintains focus, GymPRM gets distracted by specious local details (Central
America), and RePRM speculatively skips necessary steps.
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