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Abstract

Agentic search has recently emerged as a pow-
erful paradigm, where an agent interleaves
multi-step reasoning with on-demand retrieval
to solve complex questions. Despite its suc-
cess, how to design a retriever for agentic
search remains largely underexplored. Existing
search agents typically rely on similarity-based
retrievers, while similar passages are not al-
ways useful for final answer generation. In
this paper, we propose a novel retriever train-
ing framework tailored for agentic search. Un-
like retrievers designed for single-turn retrieval-
augmented generation (RAG) that only rely on
local passage utility, we propose to use both
local query-passage relevance and global an-
swer correctness to measure passage utility in
a multi-turn agentic search. We further intro-
duce an iterative training strategy, where the
search agent and the retriever are optimized
bidirectionally and iteratively. Different from
RAG retrievers that are only trained once with
fixed questions, our retriever is continuously
improved using evolving and higher-quality
queries from the agent. Extensive experiments
on seven single-hop and multi-hop QA bench-
marks demonstrate that our retriever, termed
Agentic-R, consistently outperforms strong
baselines across different search agents. Our
codes are available at: https://github.com/
8421BCD/Agentic-R.

1 Introduction

Retrieval-augmented generation (RAG) (Asai et al.,
2023; Gao et al., 2023; Jin et al., 2025¢) has be-
come a widely adopted approach to address the
knowledge limitations of large language models
(LLMs) by retrieving external information to sup-
port generation. Recently, advances in large rea-
soning models (DeepSeek-Al et al., 2025) have
given rise to a new paradigm known as agentic
search (Jin et al., 2025b; Li et al., 2025). This
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Question
Who is older, Jed Hoyer or John William Henry II?

l Search Agent

1t Turn

— Agentic Search Process

<think> || need to determine who is older. Let me first search
their ages.| </think>
Retrieve

-1 <search> | John William Henry Il

: -+ <information> | Doc [1]: John William Henry Il was born on
September 13, 1949 in Quincy... Doc [2]: ... [ </information> |

2" Turn
<think> |1 found out that John William Henry Il was born on
September 13, 1949. Now | need to find Jed Hoyer’s birth year to
e compare. | </think>
etrieve

i -{ <search> | Jed Hoyer birth year
-t-{ <information> | Doc [1](Title: “Jed Hoyer”) career highlights and ...
Doc [2]: ... [ </information>
3 Turn
<think> |Now | can compare their birth years.| </think>

<answer> John William Henry Il | </answer>

Figure 1: An example of agentic search.

approach extends traditional RAG from a single-
turn retrieval to a multi-step “search-during-think”
process (as shown in Figure 1). Unlike traditional
single-turn RAG, agentic search enables an agent
to decompose complex questions into a sequence
of sub-queries, interleave reasoning with retrieval
across multiple turns, and progressively gather ev-
idence before producing a final answer. By in-
tegrating reasoning with retrieval, agentic search
achieves superior performance compared to tradi-
tional single-turn RAG on challenging NLP tasks.

Despite this progress, most existing research on
agentic search focuses on designing more powerful
agents (Shi et al., 2025; Jin et al., 2025b), with less
attention paid to optimizing a critical component:
retriever. This is a critical oversight because the
quality of retrieved passages directly impacts both
the training process and the final inference perfor-
mance of the agent. Currently, most approaches
employ off-the-shelf retrievers, such as ES (Wang
et al., 2022) or BGE (Xiao et al., 2024), which
rely on semantic similarity. However, as demon-
strated in previous studies (Xu et al., 2025; Wu
et al., 2024), high semantic similarity does not guar-
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antee that a passage is useful for generating answer.

To better align retrieval with downstream gen-
eration, prior studies have explored modeling pas-
sage utility for downstream generation and train-
ing utility-optimized retrievers for RAG (Shi et al.,
2024; Xu et al., 2025; Zhang et al., 2024). These
methods typically estimate utility by feeding re-
trieved passages into a generator and measuring
downstream performance, such as generation like-
lihood or task-specific metrics. While effective
for single-turn RAG, extending these approaches
to multi-turn agentic search presents significant
challenges: First, utility modeling in single-turn
RAG relies on gold answers, which are available in
existing datasets, to evaluate whether a passage ad-
dresses the question. In contrast, agentic search in-
volves intermediate queries generated by the agent
in each turn, but gold answers for these intermedi-
ate queries are not available, making it challenging
to evaluate passage utility based on the gold an-
swer. Second, passage utility in agentic search
goes beyond local relevance. A passage relevant to
current sub-query may contain misleading informa-
tion that steers the subsequent reasoning process in
the wrong direction, which ultimately leads to an
incorrect final answer (Zeng et al., 2025; Cuconasu
et al., 2024a,b). Thus, relying solely on local rele-
vance to evaluate passage utility is insufficient.

Furthermore, existing retriever training methods
for RAG (Shi et al., 2024; Xu et al., 2025) typically
adopt a one-way optimization paradigm, where the
retriever is trained only once based on fixed train-
ing queries (i.e., user questions) and utility signals
provided by a fixed generator. However, this ap-
proach is sub-optimal for training retrievers for
agentic search. Unlike traditional RAG, the train-
ing queries for retrievers in agentic search are gen-
erated by the search agent itself. After the retriever
is optimized, the search agent can further improve
through reinforcement learning by interacting with
this stronger retriever (Jin et al., 2025a). The im-
proved search agent could generate new search tra-
jectories with higher-quality queries, which can be
leveraged to further optimize the retriever. There-
fore, the optimization of the retriever and the search
agent should be formulated as a bidirectional and
iterative process.

In this paper, we propose the first retriever train-
ing framework designed specifically for agentic
search. We introduce a passage utility modeling
strategy that considers both the single-turn rele-
vance and the correctness of the final answer. To

evaluate single-turn relevance, we design an LLM-
based listwise scoring approach that generates the
relevance scores for multiple candidate passages
of each intermediate query. To measure the cor-
rectness of the final answer, we evaluate whether
the agent can derive the correct final answer when
using a specific passage. Furthermore, we propose
an iterative agent—retriever optimization framework
that alternates between training the search agent
and the retriever, allowing them to evolve together
and finally resulting in a stronger retriever for agen-
tic search. We conduct extensive experiments on
seven benchmarks, including both multi-hop and
single-hop question answering datasets. The re-
sults demonstrate that our method consistently out-
performs strong baselines across different search
agents. Further analysis shows that our Agentic-R
also make the agent solve questions with fewer
search queries.

Our contributions are threefold:

e We present the first retriever training frame-
work specifically designed for search agents, ad-
dressing a critical yet underexplored component in
existing agentic search systems.

e Based on the multi-turn nature of agentic
search, we propose a novel passage utility mod-
eling approach that considers both the relevance of
the passage to current search query and its contri-
bution to the correctness of the final answer.

e We introduce an iterative training framework,
where the search agent and the retriever are opti-
mized bidirectionally to progressively improve the
retriever.

2 Related Work

Agentic Search Retrieval-Augmented Genera-
tion (RAG) significantly enhances Large Language
Models (LLMs) by incorporating external knowl-
edge sources (Asai et al., 2023; Gao et al., 2023;
Ram et al., 2023). A fundamental challenge in
RAG systems involves determining the optimal tim-
ing and approach for retrieval (Shao et al., 2023;
Trivedi et al., 2023a; Huang et al., 2025; Liu et al.,
2026). Previous studies explored prompt-based
approaches that enable interleaved reasoning and
retrieval (Trivedi et al., 2023b; Yao et al., 2023) and
supervised fine-tuning (SFT) approaches that learn
to call the search engine (Asai et al., 2024; Schick
et al., 2023). Recently, reinforcement learning (RL)
has emerged as a powerful and scalable alterna-
tive, enabling agents to learn complex, multi-turn
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search strategies directly from task-outcome re-
wards without relying on extensive supervision (Jin
et al., 2025b; Song et al., 2025; Chen et al., 2025;
Zheng et al., 2025). This paradigm allows LLMs
to dynamically decompose questions, formulate se-
quential queries, and retrieve information across
turns. Despite significant progress in optimizing
the search agents, the retriever, which is another
critical component and significantly influences the
agent’s performance (Jin et al., 2025a), remains
largely underexplored. In this paper, we propose to
train a retriever tailored for agentic search.

Training Retrievers for Generation A key chal-
lenge in RAG systems is the gap between re-
trieval objectives (topical similarity) and genera-
tion needs (passage utility). To align retrievers
with downstream tasks, recent work focuses on
training utility-oriented retrievers using feedback
from the generator. To obtain the passage utility,
existing studies explore various approaches, such
as using the generation likelihood of ground-truth
answers (Shi et al., 2024; Xu et al., 2025; Izacard
et al., 2023), downstream task metrics (Zamani and
Bendersky, 2024; Wang et al., 2023a), and LLM-
based annotation (Zhang et al., 2025). However,
such passage utility modeling is limited to single-
turn RAG, and the corresponding retriever training
follows a one-way optimization paradigm which is
sub-optimal for agentic search. In this paper, we
propose a passage utility modeling mechanism and
an agent—retriever iterative optimization framework
tailored for training retrievers in agentic search.

3 Preliminary: Agentic Search

We consider a search agent based on a Large Lan-
guage Model (LLM) that alternates between rea-
soning and external retrieval over multiple turns.
An example is shown in Figure 1. In each turn ¢, the
agent first produces a reasoning trace ¢;, to analyze
the current context and assess what information is
still missing. Conditioned on this reasoning, the
agent generates a search query ¢;. After that, the
retriever returns a set of passages D; that are in-
corporated into the agent’s context for subsequent
reasoning.

This reasoning-retrieval cycle repeats across it-
erations, allowing the agent to progressively re-
fine its understanding and gather relevant informa-
tion. Once the agent determines that the accumu-
lated information is sufficient, it terminates the re-
trieval process and produces the final answer. Dur-

ing the whole process, the reasoning steps, search
query, retrieved passages and the final answer are
explicitly enclosed within tags, such as <think>
</think>, <search></search>, <information>
</information> and <answer> </answer>, re-
spectively.

4 Methodology

4.1 Agentic-R

In this section, we first describe how we construct
training data for Agentic-R by modeling passage
utility in agentic search, and then introduce the
corresponding training approach.

4.1.1 Training Data Construction

In this section, we propose to measure passage util-
ity in agentic search from both local and global
perspectives, and to use this utility to distinguish
positive and negative passages for subsequent re-
triever training. Given an original user ques-
tion @ and a retriever R, we first let the search
agent generate the whole trajectory, denoted as
T ={t1,q1,D1,- ., tisq, Di, ... tn, A}, where
t;, g; and D; represent the reasoning content, search
query and top passages returned by retriever R at
the i-th turn, and A is the final generated answer.
For each query ¢;, we first retrieve a candidate
passage set P; = {pi 1,...,Dij,- ..} from the pas-
sage corpus using retriever R, where |P;| = 20.
Then, we propose to measure the utility of each
candidate passage p; ; from two different perspec-
tives: (1) local relevance and (2) global answer
correctness, based on which we construct the posi-
tive and negative passages.

Local Relevance. Local relevance measures
whether a candidate passage p; ; can answer the
query g; in ¢-th turn. Unlike prior single-turn RAG
methods (Shi et al., 2024; Zamani and Bender-
sky, 2024) that rely on gold answers to measure
the relevance, we do not have gold answers for
queries of each turn. In this part, we design an
LLM-based listwise scoring approach to evaluate
the local query-passage relevance.

Specifically, we input the ¢; and all its candi-
date passages P; into a strong LLM, Qwen2.5-72B-
Instruct! and instruct the LLM to assign a relevance
score in the range [0,100] to each passage p; j,
where higher scores indicate stronger relevance.
We divide the score range into five intervals with

1https://huggingface.co/Qwen/QwenZ.
5-72B-Instruct
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Figure 2: An overview of our training framework.

fine-grained scoring rules. For example, scores be-
tween 81 and 100 indicate that the passage directly
addresses the search query or explicitly contains
the required answer. The design of listwise scor-
ing is inspired by listwise passage reranking in
Information Retrieval (Sun et al., 2023; Liu et al.,
2024, 2025a,b). Different from pointwise relevance
scoring, which evaluates a single passage, listwise
scoring compares multiple passages simultaneously
and could yield more accurate relevance scores.
To help LLM better assess the relevance, be-
sides ¢; and p; ;j, we also incorporate a sub-answer
into the relevance scoring prompt (shown in Fig-
ure 6). The sub-answer is generated by prompting
the same LLLM with the full search trajectory 7
and the final gold answer, and asking it to infer
a correct sub-answer corresponding to each inter-
mediate query ¢;. If the LLLM is unable to infer a
reliable sub-answer, it will output “not sure”, in
which case no sub-answer will be provided in the
listwise scoring prompt (prompt shown in Figure 7).
The prompt for generating the sub-answer is shown
in Figure 8. Formally, we define the local relevance
score LR; ; for passage p; ; in i-th search turn as:

{LRi1,...,LRi;} = LLM(gi, Pi, A3°), (1)
where P; = {p; 1, ... ,piyj} denotes the candidate
passages for query ¢; and A;“b is an optional sub-

answer for ¢;. If no reliable sub-answer can be
inferred, we set AS*® = g

Final Answer Correctness. As discussed in Sec-
tion 1, passage with high local relevance does not
guarantee that it could lead the search agent to
generate a correct final answer. In this part, we
explicitly incorporate final answer correctness as
another passage utility.

Given query ¢;, we concatenate each passage p; ;
with ¢; and let the agent continue generation con-
ditioned on p; ; together with the preceding search
trajectory, until a final answer A; ; is produced.

{ti+17 . ,AiJ} = Agent({tl, v 7Qiapi,j}) .
(2)
After that, we compute the exact match (EM)
metric between the generated answer A; ; and the

gold answer A2°4 a5 the global answer correctness
GACZ'JI

GAC; ; = EM(4; ;, A1), A3)

Although the final answer is influenced not only by
p;,j but also by subsequent turns, all candidate pas-
sages p; ; are evaluated under the same preceding
trajectory and search agent. Therefore, differences
in final answer correctness can be a fair and valid
metric to measure how p; ; steers the subsequent
reasoning and generate the final answer.

Positive and Negative Passages Selection. Af-
ter computing the local relevance LR; ; (defined
in Eq. 1) and global answer correctness GAC; ;
(defined in Eq. 3) for each candidate passage p; ;
of query ¢;, we rank all candidates based on two
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sorting keys. Specifically, passages are first ranked
by global answer correctness GAC (the first key)
in descending order, and passages with identical
GAC are further ordered by LR (the second key) in
descending order. We prioritize global answer cor-
rectness since it directly reflects final task success:
for example, a passage that leads to a correct final
answer should be preferred over one that does not,
regardless of their local relevance.

After ranking, we select the top-ranked passage
as the positive passage, while passages ranked be-
low are sampled as negatives. The total number
of passages (positive plus negatives) is fixed to
N = 16. To ensure positive quality, we require
its GAC; ; = 1 and LR;; > 60. If no passage
satisfies both conditions, the training instance for
query g; is discarded. For all ¢; in trajectory T, we
use the same method to construct training data.

4.1.2 Training Approach

After constructing positive and negative passages,
we use contrastive learning (Karpukhin et al.,
2020a) to train our retriever model Agentic-R.

Training Input. When modeling passage utility,
we consider not only the relevance of a passage to
the current query ¢;, but also its contribution to an-
swering the original question () and generating the
final answer. Thus, besides ¢;, we also incorporate
the original question () as auxiliary information
and concatenate them together as the input x; to
the query encoder:

z; = Q [SEP] ¢;, “4)

where [SEP]| denotes a separator token. Note that
we do not include queries from previous turns as
input. This is because, in agentic search, agent
queries are typically self-contained and do not in-
volve anaphoric references (e.g., terms such as “it”)
that require contextual disambiguation. This differs
from conversational search (Mao et al., 2022) or
session search (Wang et al., 2023b) tasks, where
previous queries are necessary to understand the
current query. Empirically, we find that incorpo-
rating previous queries introduces retrieval noise
and degrades final performance. Detailed analysis
is provided in Appendix C.2.

Training Loss. In addition to the sampled nega-
tives described in Section 4.1.1, we also incorporate
in-batch negatives and cross-device negatives (Qu
etal., 2021; Zhang et al., 2024) to expand the scale
of negative passages. Consequently, our method

yields (B x G x N — 1) negative samples in total,
where B is the batch size, G is the number of GPU
devices, and N is the number of constructed sam-
ples per query. For each training instance z;, the
contrastive learning loss is defined as:

exp (sim(z;, 2 1))
Y .z €Xp (sim(a:i, z)) ’

L =—log o)

where 21 denotes the positive passage embedding,
Z includes the sampled positives and negatives as
well as in-batch and cross-device negatives, and
sim(+, -) denotes the embedding similarity.

4.2 Agent-Retriever Iterative Optimization

As discussed in Section 1, the optimized
Agentic-R could further be used to improve the
search agent by providing more relevant passages
during the RL process and the improved search
agent could generate new training queries to fur-
ther train the retriever, which is a bidirectional and
iterative process. Motivated by this, we propose
an iterative training framework that iteratively op-
timizes the search agent and Agentic-R. We first
describe the training of the search agent, followed
by the iterative optimization procedure.

Agent Training. We apply the same RL training
approach as Search-R1 (Jin et al., 2025b) for our
search agent training. Specifically, we adopt the
RL algorithm PPO (Schulman et al., 2017) to train
the agent. During RL training, the agent generates
trajectories by performing multiple turns of inter-
actions with the retriever until generating the final
answer. Then, we use exact match (EM) between
the generated answer and the gold answer as the
final reward. The prompt we used for training is
shown in Figure 5. Additional training details are
provided in Appendix B.

Iterative Optimization. We adopt an iterative
optimization mechanism to iteratively train the
search agent and the retriever. At iteration i, we
first optimize the search agent Agent,, based on our
retriever from the previous iteration Agentic-R;_1.
Note that for the first iteration, Agentic-Rg is ini-
tialized by embedding model ES. During agent’s
training, the retriever is kept fixed and treated as
part of the RL environment. After training Agent,,
we use it to generate training queries, retrieve can-
didate passages using Agentic-R;_; and construct
positive and negative passages based on the pas-
sage utility modeling described in Section 4.1.1,
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Algorithm 1 Iterative Optimization Process
Input: Training questions Q); initial retriever
Agentic-Rp; number of iterations K
Output: Optimized Agenty and Agentic-Rg
for: =1to K do
Agent Training:
Train the search agent Agent,; using PPO by
interacting with retriever Agentic-R;_;
Retriever Training:
(1) Use Agent, to generate trajectories of Q.
(2) Retrieve candidate passages using R;_;
and construct positive and negative passage
following Section 4.1.1.
(3) Train Agentic-R; following Section 4.1.2.

end
return Agent,., Agentic-Rg

which will be used to train Agentic-R;. The over-
all procedure is summarized in Algorithm 1.

S Experiment

5.1 Settings

Evaluation Datasets. We conduct experiments
on seven question answering (QA) bench-
marks covering both multi-hop and single-hop
datasets. For multi-hop QA, we evaluate on Hot-
potQA (Yang et al., 2018), 2WikiMultihopQA
(2Wiki) (Ho et al., 2020), Musique (Trivedi et al.,
2022), and Bamboogle (Press et al., 2023). The
single-hop QA datasets include Natural Questions
(NQ) (Kwiatkowski et al., 2019), TriviaQA (Joshi
et al., 2017), and PopQA (Mallen et al., 2023). Ex-
act match (EM) is used as the evaluation metric.

Baselines. We compare our approach with two
categories of retriever baselines:
General-purpose embedding models. These
retrievers are trained as universal text encoders to
support a broad range of retrieval tasks and are
widely adopted in agentic search systems. We in-
clude BGE (Xiao et al., 2024) and E5 (Wang et al.,
2022) as representative baselines, both of which
have demonstrated strong performance on standard
retrieval benchmarks and are widely used as off-
the-shelf retrievers in agentic search.
RAG-specific retrievers. These methods opti-
mize retrievers using feedback from downstream
generation in single-turn RAG settings. We com-
pare against LLM-Embedder (Zhang et al., 2024),
SCARLet (Xu et al., 2025), and REPLUG (Shi
et al., 2024), which leverage generation likelihood

or task-level signals to train utility-aware retriev-
ers. Additional details of the baseline retrievers are
provided in Appendix A.

Implementation Details. Throughout the itera-
tive training process, we construct training data us-
ing the training splits of TriviaQA and HotpotQA.
For agent training, we initialize the search agent
with Qwen2.5-7B-Base. During training and in-
ference, the maximum search turns n and passage
retrieval number m of our agent are set as 5 and
3, respectively. For retriever training, we initialize
our Agentic-R with E5%. We use the December
2018 Wikipedia dump (Karpukhin et al., 2020b) as
the retrieval corpus for all experiments. We set the
iteration number K of agent—retriever optimization
as 2, as additional iterations do not yield further
improvements (detailed analysis is provided in Sec-
tion 5.5). Additional implementation details are
provided in Appendix B.

5.2 Overall Performance

We evaluate Agentic-R’s performance on three
search agents: our trained search agent, as well
as two other search agents, R1-Searcher (Song
et al., 2025) and SimpleDeepSearcher (Sun et al.,
2025), to evaluate the generalization across dif-
ferent search agents. The results are reported in
Table 1. From the results, we have the following
observations:

(1) Agentic-R consistently achieves the best
average EM score across all three search agents.
Agentic-R outperforms the second-best baseline
by about 3.2 points on our trained search agent
and by roughly 2 points on R1-Searcher and
SimpleDeepSearcher. This demonstrates that
Agentic-R not only performs well on our in-
domain search agent, but also generalizes effec-
tively to other search agents.

(2) Agentic-R yields larger improvements on
multi-hop QA than on single-hop QA. For ex-
ample, based on our search agent, the average per-
formance gap between Agentic-R and REPLUG
on multi-hop QA datasets is about 3 points, higher
than the 2 points on single-hop QA datasets. This
indicates that Agentic-R is particularly effective
for search agents in multi-hop scenarios.

(3) RAG-specific retrievers do not consistently
outperform general-purpose retrievers in agen-
tic search. For example, LLM-Embedder and
SCARLet are often inferior to E5 across all three

https://huggingface.co/intfloat/e5-base-v2
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Multi-Hop QA General QA
Methods HotpotQA  2Wiki  Musique = Bamboogle NQ TriviaQA  PopQA Avg.
Our Search Agent (in-domain)
LLM-Embedder 39.35 39.75 17.33 36.00 41.32 62.33 42.69 39.82
BGE 41.71 39.30 16.21 38.40 40.36 63.66 41.92 40.22
SCARLet 42.34 39.35 16.38 40.80 40.60 63.46 42.04 40.71
E5 41.68 40.02 17.74 44.00 42.18 64.72 41.82 41.74
REPLUG 42.63 40.23 18.90 41.60 41.46 65.78 41.85 41.78
Agentic-R 45.82 45.30 20.27 48.00 42.43 69.02 44.14 45.00
R1-Searcher (out-of-domain)
LLM-Embedder 41.39 45.72 18.36 33.60 38.80 56.29 40.05 39.17
BGE 44.36 45.86 18.36 34.40 36.34 57.19 38.95 39.35
SCARLet 44.11 45.94 18.53 35.19 36.34 57.64 38.73 39.50
E5 43.56 46.33 21.39 44.00 39.39 58.69 38.31 41.67
REPLUG 40.68 39.66 18.32 41.60 40.94 62.39 42.11 40.81
Agentic-R 47.68 49.07 22.54 41.60 39.63 62.52 42.43 43.64
SimpleDeepSearcher (out-of-domain)
LLM-Embedder 35.01 32.52 13.90 40.80 33.62 59.59 37.72 36.17
BGE 37.31 33.95 14.06 42.40 32.82 60.73 36.83 36.87
SCARLet 37.39 33.44 14.39 35.19 32.38 60.81 36.93 35.79
E5 36.61 34.01 15.55 40.80 33.65 62.48 37.09 37.17
REPLUG 37.39 34.08 15.80 41.60 33.71 63.59 37.68 37.69
Agentic-R 39.75 38.04 17.29 41.60 34.62 65.61 39.09 39.43

Table 1: The performance of retrievers on our trained search agent (in-domain) and two other search agents
(out-of-domain). Both our search agent and Agentic-R are trained after two iterations. The top two rerankers are

highlighted in bold and underlined.

agents. This may be because: (1) the passage util-
ity derived from single-turn RAGs is not directly
applicable to multi-turn agentic search; (2) RAG-
specific retrievers are trained on user questions in-
stead of agent-generated queries, resulting in a dis-
tribution gap of training queries.

5.3 Ablation Study

We conduct ablation studies to examine the im-
pact of two key components in our framework: (1)
agent—retriever iterative optimization and (2) pas-
sage utility modeling. Results are summarized in
Table 2. Here, “Agent, + Agentic-Ry” denotes our
final agent and retriever trained after two iterations.

Effect of Iterative Optimization. We first an-
alyze the effect of iterative training on both
the retriever and the search agent. Replacing
Agentic-Ry with the retriever Agentic-R; ob-
tained after the first iteration leads to an average
performance drop of about 0.9 points. This in-
dicates that the second iteration further improves
the retriever by leveraging higher-quality agent-
generated queries. Similar trends are also observed
when using R1-Searcher (see Table 4). We fur-
ther replace Agent, with the agent trained after the
first iteration (i.e., Agent, ), which results in an ad-

ditional drop of about 1.9 points. This suggests
that compared with E5, optimized Agentic-R; can
better improve the RL training of the search agent.

Effect of Passage Utility Modeling. We next
study the effectiveness of different utility signals,
global answer correctness (GAC) and local rel-
evance (LR), based on combination “Agent; +
Agentic-R;”. Removing GAC (“w/o GAC”) or
LR (“w/o LR”) from the utility modeling causes
clear performance degradation, with average drops
of about 1.1 and 1.7 points, respectively. This con-
firms that both signals are essential for identifying
positive passages for retriever training. The larger
performance drop of “w/o LR” indicates that local
relevance plays a more important role in measur-
ing passage utility. We also ablate the use of the
original question in the retriever input (“w/o Ques-
tion”). The 0.7-points performance drop suggests
that the original question helps the retriever bet-
ter assess whether a passage could contribute to
answering the question and generating the correct
final answer.

5.4 Search Turns Analysis

In this section, we analyze the number of search
turns taken by the agent to examine whether our
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Multi-Hop QA General QA
Methods HotpotQA 2Wiki Musique Bamboogle NQ TriviaQA  PopQA  Avg.
Agents + Agentic-Rg 45.82 45.30 20.27 48.00 42.43 69.02 44.14 45.00
e Agenty + Agentic-Ry 44.88 44.31 19.23 44.80 42.16 68.59 44.99 44.14
e Agent; + Agentic-Ry 40.44 44.49 16.63 44.00 39.69 65.80 44.75 42.26
e w/o GAC 38.91 43.42 16.71 43.20 39.19 63.91 42.66 41.14
e w/0 LR 38.73 41.34 15.80 40.00 40.36 64.12 43.86 40.60
e w/0 Question 39.52 44.02 16.13 43.20 39.30 64.96 43.89 41.57

Table 2: Ablation studies over key components.
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Figure 3: The comparison of search turns on different
retrievers.

Agentic-R can also make the agent generate the
answer with fewer search queries. We conduct ex-
periments on HotpotQA and TriviaQA using our
search agent and Agentic-R trained after two it-
erations, and compare against two baselines, ES
and REPLUG. The results are shown in Figure 3.
From the results, Agentic-R consistently reduces
the number of search turns compared to ES and RE-
PLUG on both datasets. For example, Agentic-R
reduces the average search turns by approximately
10% on HotpotQA and 15% on TriviaQA compared
to REPLUG. These results indicate that Agentic-R
enables the agent to acquire more useful informa-
tion per retrieval, allowing it to solve questions
with fewer search turns.

5.5 Different Iteration Number KX

In our main experiments, we set the round K of
agent-retriever iterative optimization as 2. To ex-
amine whether the iterative training process con-
verges, we further perform a third iteration and
compare the performance after each round. We
report the average EM score of all 7 datasets used
in Table 1 and show the results in Figure 4.

From the results, we observe consistent perfor-
mance improvements during the first two itera-
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B
N
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Figure 4: Effect of different iteration numbers (K) in
agent—retriever optimization. Different colors on the
x-axis indicate different iteration number.

tions. Specifically, Agent; + Agentic-R; outper-
forms Agent; + E5 by approximately 2.6 points,
and Agenty + Agentic-R; further improves over
Agent; + Agentic-R; by about 1.9 points. How-
ever, no further improvement is observed in the
third iteration, where performance slightly de-
grades. This indicates that the iterative optimiza-
tion converges after two iterations, and additional
iterations do not provide further benefits.

6 Conclusion

In this work, we propose a retriever training frame-
work specifically designed for agentic search. We
first introduce a passage utility modeling strat-
egy that captures both local relevance and global
answer correctness, providing effective supervi-
sion for retriever training for multi-turn agentic
search. Furthermore, we develop an iterative agent—
retriever training framework that continuously en-
hances the retriever’s ability based on higher-
quality agent-generated queries. We conduct exten-
sive experiments on multi-hop and single-hop QA
benchmarks. Results demonstrate the superior per-
formance of our retriever Agentic-R. Further anal-
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yses show that Agentic-R also reduces the number
of search turns required by the agent, improving
the efficiency of agentic search.

Limitations

Despite the strong empirical results, this work has
several limitations.

First, our evaluation is conducted on widely
used single-hop and multi-hop question answering
benchmarks. While these datasets cover a range of
reasoning difficulties, they do not fully represent
more challenging settings that require deeper or
more abstract reasoning, such as expert-level or sci-
entific reasoning tasks such as GPQA (Rein et al.,
2023). Future work could extend our framework to
broader tasks.

Second, due to computational and memory con-
straints, we conduct our experiments with moder-
ately sized search agents and retriever backbones.
Although our results across different backbones
suggest favorable scaling trends, validating the ef-
fectiveness of our Agentic-Rin larger agents and
retriever backbones remains an important direction
for future work.
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A Baselines

We compare our approach with two categories of re-
triever baselines: general-purpose embedding mod-
els and RAG-specific retrievers.

General-purpose embedding models. These re-
trievers are trained as universal text encoders and
are widely adopted as off-the-shelf components in
agentic search systems. We include ES (Wang et al.,
2022) and BGE (Xiao et al., 2024) as representa-
tive baselines. For E5, we use the e5-base-v2,
and for BGE, we adopt bge-base-en-v1.5, both
of which demonstrate strong performance on stan-
dard retrieval benchmarks.

RAG-specific retrievers. These methods train
retrievers using generation feedback in single-turn
RAG settings, aiming to capture passage utility
beyond semantic similarity.

LLM-Embedder (Zhang et al., 2024) trains a
unified embedding model with supervision from
LLM-generated feedback to support retrieval-
augmented generation across tasks. We use the
publicly available checkpoint®.

SCARLet (Xu et al., 2025) estimates passage
utility via perturbation-based attribution, explicitly
modeling inter-passage interactions to better reflect
a passage’s contribution to downstream generation.
We use the authors’ publicly released checkpoint
for all experiments.

REPLUG (Shi et al., 2024) defines passage util-
ity by measuring how well each passage supports
generating the ground-truth answer, using answer
likelihood as the supervision signal. As the official
checkpoint is not released, we re-implement RE-
PLUG and train it on the same datasets (HotpotQA
and TriviaQA) with the same generator backbone,
Qwen2.5-7B-Base, to ensure fair comparison.

B Implementation Details

In this part, we will introduce the implementation
details of our paper.

Retriever Training. We initialize our retriever
from e5-base-v2 and train it using contrastive learn-
ing with agent-generated supervision. Training
data are constructed following the passage utility
modeling procedure described in Section 4.1.1. For
each query, we use N = 16 training passages in
total, including one positive passage and multiple
negatives.

3https://huggingface.co/BAAL/11lm-embedder

We adopt mean pooling over token embeddings
and apply /5 normalization. The retriever is trained
for 2 epochs with a learning rate of 2 x 107° and a
per-device batch size of 32. We use a temperature
of 0.01 in the contrastive loss and enable in-batch
and cross-device negatives, resulting in a large and
diverse negative set. The maximum input length
is set to 512 tokens for both queries and passages.
All retriever models are trained on the December
2018 Wikipedia dump, which serves as the retrieval
corpus.

Agent Training. We train the search agent fol-
lowing the same reinforcement learning approach
of Search-R1 (Jin et al., 2025b). Specifically, the
policy LLM is initialized from Qwen2.5-7B-Base,
and the agent is optimized using Proximal Policy
Optimization (PPO) (Schulman et al., 2017). Un-
like standard PPO settings, where all tokens are
generated by the policy model, the rollout sequence
in agentic search contains both LLM-generated to-
kens and retrieved tokens from external passages.
We therefore apply token-level loss masking to en-
sure that policy optimization is performed only on
LLM-generated tokens, while retrieved tokens are
excluded from gradient updates. This design allows
the agent to learn effective reasoning and search
behaviors while preventing spurious updates on
retrieved tokens, resulting in more stable training
for search-augmented generation. Refer to Search-
R1 (Jin et al., 2025b) for more details.

During RL training, the learning rate is set to
1 x 1075 for the policy model and 1 x 10~° for
the value model. We train the agent for 500 opti-
mization steps, using Generalized Advantage Es-
timation (GAE) with A = 1 and v = 1. The total
batch size is 512, with a mini-batch size of 256 and
a micro-batch size of 64. The maximum sequence
length is 4,096 tokens, including up to 500 tokens
for the generated response and up to 500 tokens for
retrieved passages.

To reduce memory consumption, we enable gra-
dient checkpointing and employ Fully Sharded
Data Parallel (FSDP) with CPU offloading. Model
checkpoints are saved every 50 steps. If training
instability is observed, we select the most recent
stable checkpoint based on the reward curve; other-
wise, the final checkpoint is used for evaluation.

Iterative Training Setup. During iterative agent—
retriever optimization, we alternate between train-
ing the search agent and updating the retriever. At
each iteration, the retriever is fixed while train-
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Multi-Hop QA General QA
Methods HotpotQA  2Wiki  Musique = Bamboogle NQ TriviaQA  PopQA Avg.
Our Search Agent (in-domain)
LLM-Embedder 35.92 39.79 14.97 38.40 39.58 59.01 40.93 38.37
BGE-base 37.51 39.86 14.27 40.00 37.39 59.94 39.53 38.36
SCARLet 37.82 39.71 13.98 39.20 37.31 59.98 39.55 38.22
E5-base 36.32 42.04 16.13 36.80 39.77 64.35 42.09 39.64
REPLUG 38.05 40.78 16.38 37.60 39.08 63.00 39.72 39.23
ES-large 38.69 40.53 16.88 44.00 41.10 63.49 40.98 40.81
Agentic-Rgs.pase 40.44 44.49 16.63 44.00 39.69 65.80 44.75 42.26
Agentic-RpGE-base 40.28 43.82 15.97 42.40 38.39 64.00 43.30 41.17
Agentic-Res.arge 41.49 44.40 18.08 44.00 39.97 66.26 44.40 42.66
SimpleDeepSearcher (out-of-domain)
LLM-Embedder 35.01 32.52 13.90 40.80 33.62 59.59 37.72 36.17
BGE-base 37.31 33.95 14.06 42.40 32.82 60.73 36.83 36.87
SCARLet 37.39 33.44 14.39 35.19 32.38 60.81 36.93 35.79
E5-base 36.61 34.01 15.55 40.80 33.65 62.48 37.09 37.17
REPLUG 37.39 34.08 15.80 41.60 33.71 63.59 37.68 37.69
E5-large 37.59 33.20 15.72 43.20 34.90 63.58 37.63 37.97
Agentic-Rgs-base 39.98 3743 15.18 44.80 33.98 65.16 39.46 39.43
Agentic-RBGE-base 38.83 35.92 15.26 40.80 33.21 64.31 38.38 38.10
Agentic-Res.iarge 40.25 38.12 16.09 46.40 34.65 65.58 39.27 40.05

Table 3: The performance of Agentic-R using different backbones. Our search agent and Agentic-R are trained

for one iteration.

Multi-Hop QA General QA
Methods HotpotQA 2Wiki Musique Bamboogle NQ  TriviaQA PopQA  Avg.
R1-Searcher + Agentic-Rs 47.68 49.07 22.54 41.60 39.63 62.52 42.43 43.64
R1-Searcher + Agentic-R; 46.86 48.64 21.39 35.19 39.94 62.33 43.07 4249

Table 4: The performance comparison between Agentic-R; and Agentic-Ry based on R1-Searcher.

ing the agent, and the trained agent is then used
to generate new trajectories for retriever training.
We perform two iterations in total, as additional
iterations do not yield further improvements (see
Section 5.3). All experiments are conducted on a
single node with 8*A800 80G GPUs.

C Additional Experiments

C.1 Different Backbone of Agentic-R

During our previous experiments, we used E5-base
as the backbone of Agentic-R. In this section, we
evaluate whether our retriever training framework
generalizes to other backbone models by training
Agentic-R on BGE-base* and E5-large’. For sim-
plicity, both the search agent and the retriever are
trained for a single iteration in this experiment.
As shown in Table 3, Agentic-R consistently
outperforms all baseline retrievers across all tested
backbones and search agents, demonstrating that

*https://huggingface.co/BAAI/bge-base-en-v1.5
Shttps://huggingface.co/intfloat/e5-large-v2

our method generalizes well beyond a specific em-
bedding model. Moreover, Agentic-R yields sub-
stantial improvements over its corresponding back-
bone retriever; for example, under our search agent,
Agentic-RpgEg-base improves upon BGE-base by
approximately 2.8 average EM points. We fur-
ther observe a clear scaling trend with respect to
retriever capacity: the larger backbone E5-large
consistently outperforms E5-base. A similar trend
is also observed between Agentic-Rgs.pase and
Agenti C_RES—laIge-

C.2 Training Input

In the main experiments, we construct the retriever
input using only the original question () and the
current-turn query ¢;. In this part, we further in-
vestigate whether incorporating historical queries
from previous turns can benefit retriever training.

Specifically, we concatenate the original ques-
tion @, all historical queries {q1,...,¢;—1}, and
the current query ¢; with separator tokens as the
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Multi-Hop QA General QA

Methods HotpotQA 2Wiki Musique Bamboogle NQ TriviaQA PopQA  Avg.
Our Search Agent
E5 36.32 42.04 16.13 36.80 39.77 64.35 42.09 39.64
REPLUG 38.05 40.78 16.38 37.60 39.08 63.00 39.72 39.23
Agentic-R 40.44 44.49 16.63 44.00 39.69 65.80 44.75 42.26
Agentic-R (w/ historical queries) 40.47 44.65 17.04 38.40 40.02 65.67 44.87 41.59
R1-Searcher
ES5 43.56 46.33 21.39 44.00 39.39 58.69 38.31 41.67
REPLUG 40.68 39.66 18.32 41.60 40.94 62.39 42.11 40.81
Agentic-R 46.86 48.64 21.39 35.19 39.94 62.33 43.07 42.49
Agentic-R (w/ historical queries) 43.13 42.95 15.30 31.20 39.63 62.18 43.17 39.65

Table 5: The performance of Agentic-R when using historical queries as additional training input.

retriever input: E Use of AI Assistants

) We use ChatGPT to improve the presentations of

z; = Q [SEP| q1 [SEP] ---g;—1 [SEP] g;. . B
this paper.

The same input format is also used at inference
time. We conduct this ablation using a single itera-
tion of agent—retriever training and compare it with
the default setting that excludes historical queries.

The results are shown in Table 5. We ob-
serve that incorporating historical queries (i.e.,
Agentic-R (w/ historical queries)) degrades aver-
age performance for Agentic-R under both the
in-domain search agent and the out-of-domain R1-
Searcher. The performance drop is particularly
obvious under R1-Searcher, where Agentic-R
with historical queries even underperforms general-
purpose retrievers such as E5 and REPLUG.

This behavior can be attributed to the nature of
agentic search queries. In agentic search, the cur-
rent query ¢; is typically generated with a clear
and explicit intent, and does not involve anaphoric
references or contextual ambiguity. As a result,
historical queries provide limited additional infor-
mation, while introducing extra noise that may dis-
tract the retriever from the core intent of the cur-
rent query. These results further justify our design
choice of using only (@, ¢;) as the retriever input
in Agentic-R.

D Case Study

To better understand how Agentic-R improves the
performance of the search agent, we conduct a
case study comparing the trajectories produced
by E5 and Agentic-R based on our trained agent.
Note that both Agentic-R and our trained agent
are trained for 2 iterations. The result is shown in
Table 6. ®https://chatgpt.com/
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Table 6: Case study comparing E5 and Agentic-R on a multi-hop query of HotpotQA. The red-highlighted text
contains irrelevant information that misled the generation of the correct answer, while the green-highlighted text
represents key evidence that contributed to generating the correct answer.

Query
Who founded the honky tonk that is at the center of John Travolta’s third major acting role?

Gold Answer
Mickey Gilley

ES (Failed)

<think> John Travolta is an actor, so I will search for his filmography to find his third major acting role. </think>
<search> John Travolta third major acting role </search>

<information>

Doc 1(Title: John Travolta) John Travolta first became known in the 1970s, after appearing on the television series Welcome
Back, Kotter (1975-1979) and starring in the box office successes Saturday Night Fever (1977) and Grease (1978). His acting
career declined through the 1980s, but enjoyed a resurgence in the 1990s with his role in Pulp Fiction (1994), and he has since
starred in films such as Get Shorty, Broken Arrow, Face/Off, Swordfish, Be Cool, Wild Hogs, Hairspray, ...
</information>

<think> Assuming the movie is Get Shorty, I now search for the honky tonk. </think>

<search> Get Shorty honky tonk </search>

<information>

Docl: ... Doc2 (Honky-tonk): A honky-tonk (also called honkatonk, honkey-tonk, or tonk) is both a bar that provides country
music for the entertainment of its patrons and the style of music played in such establishments. Bars of this kind are common
in the South and Southwest United States...

</information>

<think> Search for the founder of the assumed honky tonk. </think>

<search> The Big Enchilada honky tonk founder </search>

<information>

Doc 1(Title: Honky-tonk) Honky-tonk: A honky-tonk (also called honkatonk, honkey-tonk, or tonk) is both a bar that provides
country music for the entertainment of its patrons and the style of music played in such establishments...

</information>

<answer> Eddie Wilson </answer>

Agentic-R (Successful)

<think> John Travolta is an actor, so I will search for his filmography to find his third major acting role. </think>
<search> John Travolta third major acting role </search>

<information>

Doc1 (Urban Cowboy): Urban Cowboy is a 1980 American romantic drama film about the love-hate relationship between
Buford Uan “Bud” Davis (John Travolta) and Sissy (Debra Winger). It was John Travolta’s third major film role after Saturday
Night Fever and Grease. Much of the action centers around activities at Gilley’s Club, a football-field-sized honky tonk in
Pasadena, Texas...

</information>

<think> Now that I have the name of the honky tonk, I will search for information about Gilley’s Club and its founder.
</think>

<search> Gilley’s Club founder </search>

<information>

Doc2 (Gilley’s Club): Gilley’s was a bar/honky tonk founded in 1971 by country singer Mickey Gilley in Pasadena, Texas. It
was the central location in the 1980 movie Urban Cowboy. It was a huge building with a corrugated steel roof that housed
multiple bars and mechanical bulls. Connected to the club was a small rodeo arena that would also host both bicycle and
motorcycle motocross races...

</information>

<answer> Mickey Gilley </answer>
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Prompt for Search Agent Training
Answer the given question. You must conduct reasoning inside <think> and </think> first every
time you get new information. After reasoning, if you find you lack some knowledge, you can
call a search engine by query , and it will return the top searched results
between <information> and </information>. You can search as many times as you want. If you
find no further external knowledge needed, you can directly provide the answer inside <answer>
and </answer> without detailed illustrations. For example, <answer> xxx </answer>. Question:
{question}.

Figure 5: The input prompt for training our search agent.

Single-turn Relevance Scoring Prompt (with reference answer)
You are an expert evaluator whose role is to determine how effectively a passage answers a
search query.
Given a Search Query and a list of passages, you need to assign a utility score (from a scale
of @ to 100) for each passage. The utility score should reflect how well each passage
**directly answers** or **contains the necessary information** to resolve the information need
of the Search Query.
I will also provide you with a reference answer to the Search Query to help you assess the
utility score of each passage.

The scoring criteria is shown as follows:

**81-100 (Excellent Utility):** The passage directly and comprehensively addresses the Search
Query or completely contains the answer required by the current Search Query.

**61-80 (High Utility):** The passage contains the majority of the information needed to
directly answer the Search Query but might miss some minor details.

**41-60 (Moderate Utility):** The passage is on-topic and addresses a part of the query's
intent, but it is not a comprehensive answer.

**21-40 (Low Utility):** The passage mentions keywords from the query, but its main topic is
different. It offers very limited value.

**9-20 (Very Low Utility):** The passage is completely irrelevant to the Search Query. It
contains no useful facts or is actively distracting.

Now, I will give you the Search Query and {num} passages (each indicated by a number
identifier []). Please compare all passages globally before outputting the utility scores,
ensuring relative scoring consistency and more precise utility determination for each passage.

**Search Query:**
{query}

**Passages:**

Passage [1] {passage;}
Passage [2] {passage,}

**Reference Answer:**
{reference answer}

Please output the utility scores of the passages (strictly as integers between @ and 100) in
the order of the passage identifiers, separating the scores with a single space. If there is
only one passage, output a single number. Example output for 3 passages: "68 42 97". Only
output the utility scores, without any words or explanations.

Figure 6: The prompt for single-turn relevance scoring with sub-answer.
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Single-turn Relevance Scoring Prompt (without reference answer)
You are an expert evaluator whose role is to determine how effectively a passage answers a
search query.
Given a Search Query and a list of passages, you need to assign a utility score (from a scale
of @ to 100) for each passage. The utility score should reflect how well each passage
**directly answers** or **contains the necessary information** to resolve the information need
of the Search Query.

The scoring criteria is shown as follows:

**81-100 (Excellent Utility):** The passage directly and comprehensively addresses the Search
Query or completely contains the answer required by the current Search Query.

**61-80 (High Utility):** The passage contains the majority of the information needed to
directly answer the Search Query but might miss some minor details.

**41-60 (Moderate Utility):** The passage is on-topic and addresses a part of the query's
intent, but it is not a comprehensive answer.

**21-40 (Low Utility):** The passage mentions keywords from the query, but its main topic is
different. It offers very limited value.

**9-20 (Very Low Utility):** The passage is completely irrelevant to the Search Query. It
contains no useful facts or is actively distracting.

Now, I will give you the Search Query and {num} passages (each indicated by a number
identifier []). Please compare all passages globally before outputting the utility scores,
ensuring relative scoring consistency and more precise utility determination for each passage.

**Search Query:**
{query}

**Passages:**

Passage [1] {passage;}
Passage [2] {passage,}

Please output the utility scores of the passages (strictly as integers between @ and 100) in
the order of the passage identifiers, separating the scores with a single space. If there is
only one passage, output a single number. Example output for 3 passages: "68 42 97". Only
output the utility scores, without any words or explanations.

Figure 7: The prompt for single-turn relevance scoring without sub-answer.
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Sub-answer Generation Prompt
You are an **Expert Trajectory Analyst and Answer Generator**. Your task is to analyze Agentic
Search Agent Search-R1's complete reasoning trajectory for answering a given Question. Based
on the Question and its Gold Answer(s), you must infer the **precise sub-answer** intended to
be found by each generated search query in the trajectory.
**Search-R1's Multi-Turn Reasoning-Search Process:**
To answer a question, Search-R1 needs to conduct reasoning first every time it gets new
information. After reasoning, if Search-R1 finds it lacks some knowledge, it will call a
search engine by “<search> query </search>" and obtain the top searched results between
“<information>® and "</information> . Search-R1l can search as many times as it wants. If
Search-R1 finds no further external knowledge needed, it can directly provide the answer
inside “<answer>" and "</answer>’ without detailed illustrations. For example, ~<answer> Xxx
</answer>" .

Given the Question, Gold Answer(s) List and the Search-R1l's Trajectory, you need to analyze
the provided Trajectory step-by-step. For **every** search query, determine the **precise sub-
answer** it was intended to find. The required sub-answer **MUST** be a direct fact or short
piece of information that answers or resolves the “<search>  query and **CRITICALLY** must
align with one of the provided Gold Answers.

If you can find such a sub-answer for each query, output it. If the sub-answer of a certain
query cannot be reliably inferred (which often occurs when the Search-R1 ultimately predicts
an incorrect answer), output "Not Sure".

**Strictly** wrap each generated sub-answer (or "Not Sure") using the tag "“<sub-answer> </sub-
answer>" . Generate at most one sub-answer for each query. Output the results according to the
order of the corresponding queries in the trajectory. Output the answers **contiguously** and
separated only by a single space. **Qutput only the answers wrapped with tags, nothing else.**
For example: "~<sub-answer> Beijing </sub-answer> <sub-answer> Not Sure </sub-answer>".

Here are the Question, Gold Answer(s) List and the Agent Trajectory:
**Question: **
{question}

**Gold Answer(s) List:**
[{gold_answers}]

**Agent Trajectory:**
{trajectory}

Figure 8: The prompt for generating sub-answers.
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