
Mitigating Context Interference for Reliable and Efficient Search Agents

Boyang Xue1,6, Bin Wu2, Shuofei Qiao3, Sheng Wang4, Rui Wang1,6, Yiming Du1,6,
Hongru Wang5*, Jeff Z. Pan5, Emine Yilmaz2∗, Kam-Fai Wong1,6∗, Aldo Lipani2

1The Chinese University of Hong Kong, 2University College London
3Zhejiang University, 4The University of Hong Kong, 5The University of Edinburgh

6MoE Key Laboratory of High Confidence Software Technologies
{byxue, kfwong}@se.cuhk.edu.hk

Abstract
Recent research empowers Large Language
Models (LLMs) as multi-turn search agents to
iteratively retrieve and generate outputs until
complex tasks are solved. However, the con-
texts of multi-turn search agents are lengthy
and complex. For example, the retrieved set
of documents in each turn would inevitably
introduce irrelevant information that distracts
LLMs, referring to context interference, poten-
tially hindering the reliability and efficiency of
search agents. Therefore, we conduct a sys-
tematic study on context interference in multi-
turn search agents, focusing on investigating i)
which parts of the context of search agents will
contribute to the context interference, ii) how to
refine the contexts of search agents to mitigate
the interference, and iii) can incorporating con-
text refinement into search agent training yield
further improvements. We reveal that interfer-
ence primarily arises from the latest retrieved
documents. Based on the explored findings, we
then introduce a distill-based context refiner to
dynamically mitigate context interference for
multi-turn search agents. Finally, we validate
that incorporating context refinement into RL
training pipelines of search agents can signifi-
cantly enhance both reliability and efficiency.
This study highlights the importance of mit-
igating context interference of search agents,
inspiring a novel paradigm of “refine context
and then generate” for AI agents.

1 Introduction

Large Language Models (LLMs) have demon-
strated strong performance in tackling complex
tasks using their pretrained knowledge (OpenAI,
2025; DeepSeek-AI, 2025). Recent work has fur-
ther empowered them to invoke search engines to
retrieve external knowledge, essentially training
them as multi-turn search agents that iterate on re-
trieval and generation until tasks are solved (Wang
et al., 2025a; Jia et al., 2025; Huang et al., 2025).
* Co-corresponding authors.

Figure 1: Demonstration of how context interference
affects the performance of LLM-based search agents.
(“recall rate”=Nr/N denotes the proportion of ques-
tions for which the retrieved documents contain the
correct answer (Nr) among all questions (N ). “recall
accuracy”=Nrc/N refers to the proportion of correctly
answered questions (Nrc) in Nr, relative to all questions
(N ). “accuracy” represents the proportion of all cor-
rectly answered questions Nc out of the questions (N ).)

However, the contexts of multi-turn search
agents are lengthy and complex, encompassing
the question, multi-round search queries, retrieved
documents, and reasoning steps (Jin et al., 2025),
which may include irrelevant information. For in-
stance, the retriever always returns a set of doc-
uments to ensure coverage of the search query,
which also introduces noisy or irrelevant docu-
ments into the context (Dong et al., 2025). This
refers to context interference, which indicates
“feeding too much irrelevant context may confuse
LLMs to focus on wrong information (Coleman
et al., 2023; Haseeb, 2025; Gupta et al., 2024; Jiang
et al., 2025).” The context interference presented
in each round may distract LLMs from irrelevant
information and persistently degrade subsequent
generation quality (Li et al., 2025b; Laban et al.,
2025), thereby hindering the efficiency and relia-
bility of search agents. As in Figure 1, the gaps
between “recall rate” and “recall accuracy”
demonstrate that search agents always retrieve the
documents containing the useful information but
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<question> Who was the director of Lost Command? </question>

<think> I don’t have knowledge. I need to conduct a search. </think> 
<search> Who directed the film “Lost Command”? </search>

<information> Doc 1 (Title: “The Command (2005 film)”) ... The
Command (2005 film) is a 2005 in film Iranian film directed by 
Masoud Kimiai. It stars Poulad Kimiai, Ezzatollah Entezami, Khosro 
Shakibai, Leila Hatami, Bahram Radan. ... Doc 2 (Title: “Lost
Command”) Lost Command is a 1966 war film starring Anthony 
Quinn, Alain Delon, George Segal, Michele Morgan, Maurice Ronet
and Claudia Cardinale. The film, which was directed by Mark 
Robson, was based on the best-selling 1960 novel “The Centurions” 
by Jean Lart ‘eguy. ... </information>

<answer> Director of Lost Command is Masoud Kimiai. </answer> 

<question> Who was the director of Lost Command? </question>

<think> I don’t have knowledge. I need to conduct a search. </think> 
<search> Who directed the film “Lost Command”? </search>

<information> (Title: “Lost Command”) Lost Command is a 1966 war 
film starring Anthony Quinn, Alain Delon, George Segal, Michèle 
Morgan, Maurice Ronet and Claudia Cardinale. The film, which was 
directed by Mark Robson, was based on the best-selling 1960 novel 
“The Centurions” </information>

<answer> Director of Lost Command is Mark Robson. </answer> 

[# Tokens of Doc: 1287]

[# Tokens of Doc: 143]

Refined Retrieved Documents

(a)

(b)
user search agent retriever

Figure 2: Examples of the search agent with (a) con-
textual interference in the retrieved documents and (b)
refined contexts with the most critical relevant informa-
tion. The question derives from PopQA (Mallen et al.,
2023), and we employ Qwen2.5-7b-Instruct (Qwen
et al., 2025) as the foundation LLM of the search agent.
We present more multi-turn QA examples of context
interference mitigation in the Appendix.

fail to generate the correct answer, highlighting the
context interference effect of accurate knowledge
expression of search agents.

Prior studies to mitigate context interfer-
ence have predominantly centered on dialogue
systems (Jacqmin et al., 2022) and retrieval-
augmented generation (RAG) (Glass et al., 2022;
Nguyen et al., 2025; Yu et al., 2024), while largely
overlooking techniques on multi-turn search agent
settings. Therefore, we systematically study the
context interference issue on search agents in this
work with three research questions (RQ):

i) Which parts of contexts will contribute to con-
text interference for multi-turn search agents?

ii) How to refine contexts of search agents to
mitigate such interference?

iii) Can leveraging context refinement in RL
training pipelines of search agents yield further
performance improvements?

In light of the above questions, we investigate
the context interference effect on multi-turn search
agents with respect to reliability and efficiency
across a series of closed-book QA benchmarks.
For RQ i, we compare the performances of multi-

turn search agents with different inputs by masking
specific parts of history contexts. Results identify
that context interference primarily derives from
the latest retrieved document of search agents and
slightly arises from previous search queries and
documents. For RQ ii, we first explore a series
of context interference mitigation strategies based
on the conclusion from RQ i. Based on the ex-
ploration, we propose to distill a context refine-
ment dataset comprising both retrieved documents
and refined texts, which contains the most criti-
cal information in documents to the search query.
Then we train a context refiner using the dataset,
which can mitigate context interference for multi-
turn search agents as exemplified in Figure 2 and
improve both efficiency and reliability. For RQ
iii, we further incorporate the context refiner into
the reinforcement learning (RL) training pipelines
of search agents. Experiments demonstrate that
training multi-turn search agents with dynamically
refined context achieves significant performance
improvements regarding both the reliability and
efficiency over other training baselines.

The contributions of this work are as follows:
(1) This work first investigates the context inter-

ference issue on multi-turn search agents, highlight-
ing the necessity of context refinement to improve
both efficiency and reliability of search agents, in-
spiring a novel paradigm of “refine context and
then generate” for AI agents 1.

(2) This work reveals that context interference
primarily derives from the latest documents in
multi-turn search agents, and therefore introduces
a distill-based context refiner to dynamically elimi-
nate context interference for search agents, which
can be applicable to mitigate contextual interfer-
ence in other search agent scenarios.

(3) This work further incorporates context refine-
ment into RL training pipelines of search agents,
which can further enhance both reliability and ef-
ficiency, providing insight into refining contexts
during search agent training for future work.

2 Preliminary of Search Agent

To establish a theoretical foundation to analyze
the context interference issue, we introduce the
concepts of the search agent’s internal/external
knowledge, a Markov Decision Process (MDP),
and practical settings of multi-turn search agents.

1We have released the codes of this work on
https://github.com/AmourWaltz/CRRL.git.
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Notation definitions of this work can be found in
Appendix A. Related works are in Appendix B.

Internal/External Knowledge of Search Agent
Previous works identify the concept of Inter-
nal/External Knowledge for LLM agent (Wang
et al., 2025a; Jia et al., 2025), where internal knowl-
edge KI is learned from the pretrained corpus and
encoded within the model parameters, and exter-
nal knowledge KE is accessed through external
tools (e.g., search engines). For an LLM-based
search agent M with parameters θ, the output y is
jointly determined by its internal parametric knowl-
edge KI ∈ θ, the externally retrieved documents
d ∈ KE , and the input task x as y = Mθ(x,d),
where x generally refers to the query and sequen-
tially concatenated history outputs.

As KI embedded in parameters θ cannot be di-
rectly accessed, the manifestation of KI is condi-
tioned on the context of x and d. The retriever
generally returns a set of documents in d ∈ KE in-
tended to comprehensively cover the search query,
but this inevitably introduces redundancy and noise.
Such extraneous content can in turn distort the uti-
lization of both KI and KE , and undermine the
reliability of search agents. In Figure 1, “recall
rate” denotes the questions calling KE containing
helpful information, while “recall accuracy” refers
to actually solved questions using KE , and “accu-
racy” represents successfully answered questions
through the combined use of KI and KE . The gaps
between “recall rate” and “recall accuracy” / “ac-
curacy” exemplify the negative impact of context
interference. Moreover, distractions from irrelevant
information will incur extra retrievals and inference
costs, degrading the efficiency of search agents.

Markov Decision Process of Agent The pro-
cess of an LLM agent Mθ with KI ∈ θ inter-
acting with an environment E (referred to KE)
to complete a task can be regarded as a Markov
Decision Process: (S,A,T ,O,R). Initially, a
specific task x is provided as the initial environ-
mental state. Assuming the interaction proceeds
in N rounds and in round n (n < N ), the LLM
agent receives observation on ∈ O and takes ac-
tion an ∈ A. The state sn at round n is the
history context of all preceding concatenated se-
quences sn = (x,a0,o1,a1, . . . ,an−1,on) ∈ S.
Mθ is responsible for deciding an based on sn:
an ∼ Mθ(·|sn), and a retriever E interacts with
E to determines the state transition T . Upon task
completion after N rounds, the trajectory is charac-

terized as τ = (x, s0,a0,o1, . . . ,aN−1,oN ,aN )
where the final response y is parsed from aN . A fi-
nal reward r is provided by the reward model R by
comparing y and the reference ŷ as r = R(y, ŷ).

Multi-turn Search Agent For multi-turn search
agents, the i-th observation oi is generally
a list of retrieved Top-K documents di =
[di,1,di,2, . . . ,di,K ] returned by the retriever
E(qi−1|Kb) where qi−1 is the search query gener-
ated in the previous round and Kb is the external
knowledge base as KE . The action ai includes
a thinking step ti and a search query qi. Follow-
ing Jin et al. (2025), LLMs are instructed to en-
capsulate their search queries, retrieved documents,
and final answer between specially designated to-
kens respectively. Both qi and di are appended
to the context in each turn. When generating ti,
all the preceding sequences in si are fed into Mθ

and contribute to ai. However, not all previous
documents and search queries are pertinent to the
current thinking step, and the inclusion of irrel-
evant content can introduce context interference,
impairing the LLMs’ efficiency and reliability to
accurately express knowledge.

3 Context Interference in Search Agent

In this section, we first detail the evaluation set-
ting in Sec. 3.1. Then we analyze context interfer-
ence effects in different parts of contexts of search
agents in Sec. 3.2, and finally propose the context
refiner to mitigate interference in Sec 3.3.

3.1 Evaluation Settings

Dataset Various closed-book QA datasets are
employed to evaluate the performance of search
agents, which necessitate extra retrieval to address,
encompassing both single- and multi-hop scenarios.
Single-hop QA includes: Natural Questions (NQ)
(Kwiatkowski et al., 2019), TriviaQA (Joshi et al.,
2017), and PopQA (Mallen et al., 2023). Multi-hop
QA includes: HotpotQA (Yang et al., 2018), 2Wiki-
MultiHopQA (2Wiki) (Ho et al., 2020), MuSiQue
(Trivedi et al., 2022), and Bamboogle (Press et al.,
2023). Dataset details are presented in Appendix C.

Search Agent We employ two foundation LLMs
M for search agents: Qwen-2.5-7b-Instruct and
Qwen-2.5-3b-Instruct (Qwen et al., 2025). For
retrieval, we leverage E5 (Wang et al., 2024) as the
retriever E and 2018 Wikipedia dump (Karpukhin
et al., 2020) as the knowledge base Kb respectively.
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Methods Single-Hop QA Multi-Hop QA Avg.
NQ TriviaQA PopQA HotpotQA 2wiki Musique Bamboogle

Qwen2.5-7b-Instruct
Direct 17.7 / 0.0 44.2 / 0.0 15.5 / 0.0 17.9 / 0.0 24.0 / 0.0 3.9 / 0.0 8.0 / 0.0 18.7 / 0.0
CoT 17.7 / 0.0 47.0 / 0.0 13.4 / 0.0 21.0 / 0.0 23.6 / 0.0 4.7 / 0.0 30.4 / 0.0 22.5 / 0.0
IRCoT 30.6 / 2.0 51.2 / 1.8 31.7 / 2.1 24.6 / 3.0 18.0 / 3.4 9.8 / 3.1 28.8 / 2.5 27.5 / 2.6
IRCoT-o 29.8 / 1.8 51.3 / 1.7 32.7 / 1.7 25.3 / 2.7 22.7 / 3.1 11.2 / 2.9 34.4 / 1.9 29.6 / 2.3
IRCoT-oq 32.8 / 2.0 51.7 / 2.0 33.0 / 2.0 26.0 / 3.0 23.6 / 3.1 11.4 / 3.1 34.4 / 1.7 30.4 / 2.4
IRCoT-oqp 32.9 / 2.6 51.5 / 2.7 32.7 / 2.8 25.4 / 2.6 22.8 / 3.1 10.6 / 2.8 36.0 / 2.5 30.3 / 2.7

Qwen2.5-3b-Instruct
Direct 9.7 / 0.0 25.7 / 0.0 7.7 / 0.0 13.5 / 0.0 17.1 / 0.0 1.7 / 0.0 3.2 / 0.0 11.2 / 0.0
CoT 12.4 / 0.0 35.4 / 0.0 9.4 / 0.0 15.5 / 0.0 16.4 / 0.0 2.6 / 0.0 20.0 / 0.0 16.0 / 0.0
IRCoT 21.6 / 1.2 45.2 / 1.1 29.6 / 1.1 24.1 / 1.6 23.5 / 1.9 6.8 / 1.6 19.2 / 1.4 24.3 / 1.4
IRCoT-o 22.4 / 1.2 47.0 / 1.1 31.8 / 1.1 24.7 / 1.5 21.3 / 1.7 8.0 / 1.5 19.4 / 1.2 24.9 / 1.3
IRCoT-oq 23.5 / 1.3 47.2 / 1.2 29.9 / 1.4 24.9 / 1.6 24.2 / 1.7 7.0 / 1.6 19.4 / 1.2 25.2 / 1.4
IRCoT-oqp 24.6 / 1.5 47.7 / 1.3 30.5 / 1.5 24.5 / 1.8 22.5 / 1.7 5.1 / 1.5 19.0 / 1.2 24.8 / 1.5

Table 1: Performance (EM/ART) of different inference methods for search agents across QA test sets, measured by
Exact Match (EM, for reliability) and Average Retrieval Times (ART, for efficiency).

The number of retrieved passages K is set to 3
across all retrieval-based methods.

Evaluation Metrics We employ several metrics
to evaluate both the reliability and efficiency of
search agents. For reliability, we assess the correct-
ness of the generated answer y with the reference
ŷ using Exact Match (EM) (Song et al., 2025;
Jin et al., 2025), a standard string-matching metric
that checks whether y ≡ ŷ, which is a percentage
that represents the proportion of correctly answered
questions out of all questions. Efficiency is eval-
uated regarding different aspects. Since the time
cost of search agents is primarily determined by
the number of retrieval operations, the average re-
trieval times (ART), which denotes the average
number of retrievals required per question, is em-
ployed to intuitively evaluate the efficiency of the
generation processes. In addition, the average con-
text length (Len.) in multi-turn generations and
the average inference time per question (AIT)
(/seconds) are also employed to assist efficiency
assessments for search agents.

3.2 Context Interference in Different Parts of
Context of Search Agents

Background To figure out context interference
effects of different parts in the contexts of search
agents (as RQ i), we compare the performance of
multi-turn search agents with different input con-
texts by masking specific segments (actions and
observations in preceding rounds) of the history
state. The history state si includes input question
x and a series of actions a0:i−1 and observations
o1:i. Specifically, x representing the initial state is

fixed. pi in ai generally involves summarizing and
reasoning from oi. qi is to interact with Kb to get
retrieved documents in oi+1. We present several
inference methods for search agents as follows.

Inference Methods We employ direct inference
(Direct) and Chain-of-Thought (CoT) reasoning
(Wei et al., 2022) as two retrieval-free baselines,
which represent LLMs’ internal knowledge KI to
answer questions. The prompt templates are in
Appendix F. For retrieval-based settings of search
agents, we employ Information Retrieval with CoT
(IRCoT) (Trivedi et al., 2023a), which enables
LLMs to actively call the retriever for questions
beyond their knowledge scope after thinking.

To understand the effect of different parts of con-
text, several variants based on IRCoT are devel-
oped. Since search agents typically decompose
a complex question into a set of sub-questions
(Jin et al., 2025; Song et al., 2025), the generated
search queries and retrieved documents in a history
state are generally mutually independent, exhibit-
ing rarely sequential dependencies. Therefore, we
can specifically mask different parts in the states
as follows. 1) To investigate interference in pre-
vious documents, IRCoT-o (w/o o:−1) only incor-
porates the latest observation oi of retrieved doc-
uments in context [x,p0, q1,p1, q1, . . . , qi−1,oi]
when generating ai. 2) For interference in search
queries, IRCoT-oq (w/o o:−1, q:−1) with context
[x,p0,p1, . . . ,pi−1, qi−1,oi] is also employed. 3)
For previous thinking steps, we utilize IRCoT-oqp
(w/o o:−1, q:−1,p:−1) relies exclusively on the lat-
est thinking, search query, and observation as con-
text [x,pi−1, qi−1,oi] when generating ai.
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Figure 3: Demonstrations of context interference effects on four IRCoT variants of search agents. Results are
averaged on all QA test sets; metrics follow the definitions in Figure 1.

Analysis and Findings As presented in Table 1,
benefiting from Kb, all retrieval-based methods
outperform retrieval-free baselines. Moreover,
IRCoT-o outperforms IRCoT in both reliability
and efficiency, suggesting that previous retrieved
documents before round i contain context inter-
ference for generating ai. IRCoT-oq marginally
outperforms IRCoT-o, indicating that previous
search queries q:−1 also carry slight interference,
although removing them may incur little extra re-
trieval. IRCoT-oqp exhibits a slight drop in relia-
bility and a notable decrease in efficiency compared
with others, implying that previous thinking steps
store key information for future steps. LLMs may
repeat previous search after masking p:−1 and thus
add retrieval costs. Consequently, context interfer-
ence when generating ai may arise from both
previous search queries and documents.

However, as presented in Figure 3, although the
above IRCoT variants gain slight improvements in
accuracy, the gap between “recall rate” and “recall
accuracy” remains considerable, indicating context
interference in previous rounds is not the dominant
factor. Since the latest thinking pi−1 and search
query qi−1 mostly encapsulate summaries and rea-
soning of previous context, it can be inferred that
the latest observation oi is subject to the pri-
mary cause of context interference. To mitigate
the interference, further context refinement meth-
ods for the latest observed documents are required
on multi-turn search agents.

3.3 Context Refiner for Search Agent

Background Our preliminary findings and anal-
ysis in Sec. 3.2 demonstrate that we can marginally
mitigate context interference by removing irrel-
evant information like previous documents and
search queries in multi-turn search agents but not
enough, which highlights the necessity of further

capturing critical information and filtering noise in
the latest retrieved documents (as RQ ii). More
generally, we desire to develop a context refiner F
that, in each round i, refine the context to preserve
the most relevant information d̃i = F(qi−1,di) to
search query qi−1 from the latest retrieved docu-
ments di. d̃i is served as the i-th observation oi

and then appended to si to generate ai.
Prior works on mitigating context interference

are demonstrated in Appendix B.2. However, di-
rectly designing precise schemes to capture key
information from numerous documents is challeng-
ing (Glass et al., 2022). A compression model may
focus on summarizing global contents, potentially
leading to information loss or the introduction of
extraneous knowledge (Li et al., 2025b). Relatively
small LLMs exhibit limited capability for key in-
formation extraction (in Table 2). Therefore, we
propose to distill a dataset for context refinement
from advanced LLMs, enabling relatively weak
models to refine context to mitigate interference.

Context Refiner Given a distill dataset Dd =
{xi, ŷi}Ni=1, a foundation LLM Mπ, an advanced
teacher LLM MT , a retriever E , and a knowl-
edge base Kb, we infer each query x on MT

using IRCoT (Trivedi et al., 2023b). In i-th round
of inference for x, the retriever return documents
di = E(qi−1|Kb). Then we instruct the teacher
model MT to specifically extract only critical in-
formation related to qi−1 from di. Extracted infor-
mation d̃i = MT (qi−1,di) is then appended into
context si to generate the next-step action ai. For
each correct trajectory with y ≡ ỹ, we retain all
step-wise pairs of extracted data (d̃i,<di, qi−1>)
and employ an entailment model to verify that d̃i

is entirely encompassed within di and does not in-
troduce extra knowledge. Finally, all qualified data
points are re-formatted and incorporated into the
context refinement dataset Dc = {d̃j ,di, qi}Mi=1.
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Figure 4: Training pipeline for the distill-based context refiner.

Methods Single-Hop QA Multi-Hop QA Avg.
NQ TriviaQA PopQA HotpotQA 2wiki Musique Bamboogle

Qwen2.5-7b-Instruct
IRCoT 30.6 / 2.0 51.2 / 1.8 31.7 / 2.1 24.6 / 3.0 18.0 / 3.4 9.8 / 3.1 28.8 / 2.5 27.5 / 2.6
GPT-Compress 32.5 / 0.9 55.5 / 1.0 34.8 / 1.1 29.8 / 1.6 25.0 / 1.5 9.6 / 1.3 26.4 / 1.1 30.5 / 1.2
GPT-Refine 34.6 / 1.1 57.5 / 0.9 37.0 / 1.0 33.0 / 1.3 27.6 / 1.8 9.3 / 1.4 33.6 / 1.0 33.2 / 1.2
Self-Refine 32.5 / 1.5 53.3 / 0.9 33.0 / 1.0 27.0 / 1.4 21.6 / 1.5 8.4 / 1.2 28.8 / 1.0 29.2 / 1.2
Context Refiner 34.0 / 1.2 56.9 / 0.9 36.4 / 1.0 32.0 / 1.4 27.2 / 1.6 8.6 / 1.2 30.4 / 1.0 32.2 / 1.2

Qwen2.5-3b-Instruct
IRCoT 21.6 / 1.2 45.2 / 1.1 29.6 / 1.1 24.1 / 1.6 23.5 / 1.9 6.8 / 1.6 19.2 / 1.4 24.3 / 1.4
GPT-Compress 31.3 / 0.9 51.5 / 0.9 29.9 / 1.0 24.1 / 1.1 22.7 / 1.2 7.2 / 1.0 18.4 / 0.9 26.4 / 1.0
GPT-Refine 32.6 / 1.0 54.5 / 0.8 35.6 / 0.9 24.4 / 1.0 22.5 / 1.3 7.5 / 0.9 24.0 / 0.9 28.7 / 1.0
Self-Refine 23.7 / 1.1 47.6 / 0.9 30.8 / 0.9 23.1 / 1.0 21.4 / 1.2 5.0 / 1.1 20.0 / 0.9 24.5 / 1.0
Context Refiner 30.7 / 1.0 50.8 / 0.9 32.0 / 0.9 24.1 / 1.0 22.2 / 1.2 7.2 / 1.0 19.4 / 0.9 26.6 / 1.0

Table 2: Performance (EM/ART) of context refinement methods for mitigating interference, measured by Exact
Match (EM) and Average Retrieval Times (ART) across QA test sets.

Figure 5: Averaged context lengths of search agents
across all QA test sets, comparing IRCoT (baseline),
three context refinement methods, and the proposed
context refiner for efficiency assessments.

Given Dc, we train the model Mπ to enable
its ability of context refinement using supervised
fine-tuning (SFT) as follows.

π∗ = argmin
π

LSFT
π (1)

LSFT
π = − 1

M

M∑
i=1

E(d̃i,di,qi)∼Dc
L(i)
π (2)

L(i)
π = logMπ(d̃i | di, qi) (3)

Mπ is trained to generate refined documents d̃i,
yielding a context refiner F = Mπ∗ for dynamic

context refinement in multi-turn search agents 2.

Context Refinement Methods We employ sev-
eral existing context refinement methods as com-
parisons: 1) We utilize the compression method by
introducing GPT-4 (OpenAI, 2023) to summarize
the previous contexts (GPT-Compress); 2) We em-
ploy GPT-4 to dynamically refine the latest Top-K
retrieved documents di in each round based on the
search query qi (GPT-Refine). 3) We also employ
the foundation LLM itself Mπ to dynamically re-
fine the latest documents di using qi (Self-Refine).

Results and Analysis As in Table 2 and Fig-
ure 5, IRCoT baseline is also presented for in-
tuitive comparisons of context interference mitiga-
tion. GPT-Refine consistently outperforms GPT-
Compression in terms of reliability, while being
slightly inferior in search times and context length,
indicating that extracting and preserving search
query-relevant key information is more effective
in mitigating contextual interference than general
summarization. These two baselines can effectively
2The teacher model MT in this work is GPT-4 and the base
model Mπ of context refiner F is Qwen2.5-7b-Instruct or
Qwen2.5-3b-Instruct, which is the same as their respective
inference models.
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Figure 6: Demonstration of our proposed CRRL method.

reduce the retrieval wastes of search agents on ir-
relevant information in context over IRCoT. Self-
Refine, by contrast, does not yield performance im-
provements and even fails to reduce context length,
which can be attributed to the lack of information
extraction capability of the foundation model Mπ.
In comparison, Context Refiner trained on the
context refinement dataset achieves close perfor-
mance to GPT-Refine, suggesting that even rela-
tively weak LLMs can also acquire the ability to
refine context through fine-tuning, without relying
on external models for search agents. In addition,
Context Refiner achieves marginally competitive
performance to prompt-driven GPT-Refine which
represents the performance of the teacher model.
This suggests that Context Refiner can refine con-
text to mitigate context interference and outper-
forms other compression and self-refine baselines.

4 Context Refinement for Search Agent
Training

To further explore the potential of mitigating con-
text interference in search agent training pipelines
(as RQ iii), we extend our context refiner to the
RL training pipeline of search agents, proposing
a novel Context-Refined Reinforcement Learning
(CRRL) framework to dynamically refine context
during training rollouts, reducing context interfer-
ence in trajectory quality as follows.

4.1 Context-Refined Reinforcement Learning

Reinforcement learning (RL) (Kaelbling et al.,
1996) has emerged as a paradigm for search agent
training (Song et al., 2025; Jin et al., 2025; Chen
et al., 2025) using PPO (Schulman et al., 2017) and
GRPO (Shao et al., 2024). During rollouts, these
RL algorithms enable LLMs to iteratively interact
with search engines and append the retrieved doc-
uments to contexts, potentially introducing inter-
ference in RL training and resulting in suboptimal
performance of RL. Nonetheless, current RL meth-
ods overlook the impact of context interference of
rollouts. Derived from Sec. 3, we have figured

out that removing previous documents and search
queries, as well as leveraging context refiner for the
latest documents in contexts, can eliminate context
interference for multi-turn search agents, which
can also improve the quality of rollouts. Therefore,
we propose the CRRL algorithm.

Current RL pipelines for search agents are
mainly based on Proximal Policy Optimization
(PPO) (Schulman et al., 2017) and Group Relative
Policy Optimization (GRPO) (Shao et al., 2024).
GRPO performs multiple rollouts per task and cal-
culates the relative reward within the group as the
advantage, which is more lightweight without the
value model and demonstrates comparable perfor-
mance with PPO (Jin et al., 2025). Hence, this
paper adopts GRPO as the default RL algorithm,
and the proposed CRRL is also based on GRPO.

To mitigate context interference of GRPO roll-
outs and obtain high-quality trajectories, our CRRL
dynamically refines the input context during roll-
out of multi-turn search agents with the context
refiner F . As shown in Figure 6, during roll-
out, the trajectories of CRRL only contain think-
ing steps and refined documents, which indicates
that the action aj

i = [pj
i , q

j
i ] is produced with the

context sji = [x,pj
0:i−1, q

j
i−1, d̃

j
i ] where d̃

j
i =

F(dj
i ),d

j
i = E(qji−1). RL pipelines for search

agents explicitly incorporate retrieval interleaved
reasoning, and the token-level losses are only com-
puted over the rollouts of LLM-generated tokens,
including both search queries and thinking steps,
where loss masking is introduced for retrieved to-
kens, ensuring the stabilization of training while
preserving the ability to adaptively retrieve. When
optimizing the policy Mπ on ai = [pi, qi], the
CRRL algorithm can be represented as follows:
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Methods Single-Hop QA Multi-Hop QA Avg.
NQ TriviaQA PopQA HotpotQA 2wiki Musique Bamboogle

Qwen2.5-7b-Instruct
IRCoT 30.6 / 2.0 51.2 / 1.8 31.7 / 2.1 24.6 / 3.0 18.0 / 3.4 9.8 / 3.1 28.8 / 2.5 27.5 / 2.6
SFT 26.7 / 0.0 40.5 / 0.0 15.3 / 0.0 22.4 / 0.0 20.5 / 0.0 6.3 / 0.0 11.2 / 0.0 20.4 / 0.0
R1 24.7 / 0.0 55.4 / 0.0 20.0 / 0.0 19.4 / 0.0 17.5 / 0.0 7.8 / 0.0 22.4 / 0.0 23.9 / 0.0
RFT 34.4 / 2.2 57.5 / 2.0 36.3 / 2.4 31.8 / 3.0 26.5 / 3.6 11.5 / 3.2 33.6 / 2.7 33.1 / 2.7
Search-GRPO 35.5 / 1.7 58.4 / 1.4 38.5 / 1.8 35.6 / 2.7 27.0 / 3.0 11.5 / 2.3 36.0 / 1.8 34.6 / 2.1
Search-o1 37.5 / 1.6 60.4 / 1.4 39.2 / 1.8 37.8 / 2.3 29.6 / 2.6 13.4 / 2.0 36.8 / 1.6 36.2 / 1.9
CRRL 38.1 / 1.4 60.1 / 1.2 39.4 / 1.6 38.2 / 2.0 30.5 / 2.5 13.2 / 1.9 36.8 / 1.5 36.6 / 1.7

Qwen2.5-3b-Instruct
IRCoT 21.6 / 1.2 45.2 / 1.1 29.6 / 1.1 24.1 / 1.6 23.5 / 1.9 6.8 / 1.6 19.2 / 1.4 24.3 / 1.4
SFT 23.8 / 0.0 36.2 / 0.0 11.4 / 0.0 18.6 / 0.0 22.8 / 0.0 4.8 / 0.0 8.0 / 0.0 17.9 / 0.0
R1 19.6 / 0.0 42.9 / 0.0 15.2 / 0.0 18.5 / 0.0 26.5 / 0.0 8.0 / 0.0 19.2 / 0.0 21.4 / 0.0
RFT 29.4 / 1.3 47.5 / 1.2 32.5 / 1.1 26.0 / 1.8 24.4 / 2.2 6.4 / 1.8 21.0 / 1.8 26.7 / 1.6
Search-GRPO 33.7 / 1.4 52.1 / 1.1 34.2 / 1.1 27.1 / 1.6 26.5 / 1.6 11.8 / 1.7 23.2 / 1.5 29.8 / 1.4
Search-o1 34.7 / 1.1 53.2 / 1.1 33.5 / 1.1 27.0 / 1.3 28.6 / 1.5 12.0 / 1.6 23.2 / 1.3 30.3 / 1.3
CRRL 34.7 / 1.1 54.5 / 1.1 36.8 / 1.0 29.0 / 1.4 30.0 / 1.5 12.4 / 1.6 23.2 / 1.4 31.5 / 1.3

Table 3: Performance results of EM/ART across QA test sets on several baselines as well as our proposed CRRL
method, measured by Exact Match (EM) and Average Retrieval Times (ART).

LCRRL
Mπ

= −E{aj
i}Gj=1∼Mref(·|sji )

[Gπ − βKL] (4)

Gπ =
1

G

G∑
j=1

1∑N−1
k=1 |aji,k|

[
Rj

π

]
(5)

Rj
π,i,k =

N−1∑
k

min
(
rjπ,i,kAj , clip

(
rjπ,i,k, 1− ϵ, 1 + ϵ

)
Aj

)
(6)

rjπ,i,k =
Mπ(a

j
i,k|x,a

j
i,<k, s

j
i )

Mref(a
j
i,k|x,a

j
i,<k, s

j
i )

(7)

where Mref represents reference model. The term
ϵ is a clipping ratio. β is the coefficient for the KL
divergence. The advantage estimate is computed
on the group-relative rewards of trajectory τ j as

Aj =
rj − µj

σj
(8)

where rj = R(yj) is the final reward, and µj and
σj denote the mean and standard deviation of the
rewards within the group.

4.2 Training Setup
We sample 40k data from the training sets of NQ
and HotpotQA and merge them into Dt where
Dt ∩ Dd = ∅. Evaluation is conducted on seven
QA datasets to assess both in-domain and out-of-
domain performance. The GRPO implementation
is based on Verl (Sheng et al., 2025). More imple-
mentation details can be found in Appendix D.

We employ two types of baselines as compar-
isons. 1) Retrieval-free Fine-Tuning: We train
LLMs using both supervised fine-tuning (SFT) and
(GRPO)-based RL (Shao et al., 2024) methods
which only contain reasoning and answer steps.
2) Retrieval-based Fine-Tuning: To obtain the
trajectories with the retriever, we utilize rejection
sampling to generate several candidate responses
by interacting with the search engine for each ques-
tion from the training set Dt. Then we collect paths
including correct answers for rejection fine-tuning
(RFT) (Yuan et al., 2023). We also employ the
RL pipeline for multi-turn search agents in Search-
GRPO following (Jin et al., 2025) and Search-o1
following (Li et al., 2025a), which optimizes LLM
rollouts to autonomously call the retriever when
they lack relevant knowledge.

4.3 Results and Analysis

LLMs Methods ART Len. AIT

Qwen2.5-7b
IRCoT 2.6 2.3k 22.4s

Search-GRPO 2.1 0.9k 17.7s
CRRL 1.6 0.7k 16.9s

Qwen2.5-3b
IRCoT 1.4 0.9k 7.5s

Search-GRPO 1.4 0.7k 4.5s
CRRL 1.2 0.5k 4.2s

Table 4: Efficiency comparisons of baselines and our
proposed CRRL during inference on test sets of average
retrieval times (ART), average context length (Len.),
and average inference time per question (AIT).

In Table 3, experimental results demonstrate that
our proposed CRRL method outperforms other
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baselines in EM scores, suggesting that incorporat-
ing context refinement into the RL training pipeline
of search agents can effectively mitigate context
interference and improve the reliability of gener-
ations. In Table 4, during the inference phase,
our proposed CRRL achieves a significant reduc-
tion in both ART and Len. compared to IRCoT
and Search-GRPO, which compensate for context
refiner overhead arising from the extra inference
costs, and result in lower AIT, suggesting that in-
troducing a context refiner during RL training to
relax contextual interference can finally improve
the efficiency of the search agent in inference.

5 Conclusion

This work investigates the context interference is-
sue on search agents across a variety of QA bench-
marks. We first demonstrate that context interfer-
ence, largely stemming from the latest retrieved
documents, poses a key challenge to multi-turn
search agents. Then, we present a distill-based con-
text refiner to dynamically mitigate interference
in multi-turn search agents and thus significantly
boost both reliability and efficiency. Furthermore,
we introduce context refinement into the RL train-
ing pipelines of search agents, which can further
yield performance improvements. These findings
highlight the importance of context refinement to
mitigate context interference to construct reliable
and efficient search agents, paving the way for a
new paradigm of dynamic “refine context and then
generate” for AI agents in future work.

Limitations

The limitations and future work of this study are
listed as follows:

Task Settings This study mainly focuses on mit-
igating the context interference issue on search
agent tasks. However, similar problems also arise
in other agent settings, such as tool use and plan-
ning. The principal factors of context interference
in various tasks may differ, necessitating specific
mitigation strategies to further improve reliability
and efficiency of AI agents.

Paradigm Design The context refiner proposed
in this study is implemented as an auxiliary module
to the search agent, rather than being integrated
into the training pipelines of agents. In future work,
we plan to develop a dedicated training algorithm

that internalizes the context refinement capabil-
ity within agents themselves. This may inspire
a new paradigm of “receiving observation → refin-
ing context → generating action” for agents, which
can dynamically eliminate the context interference,
achieving more efficient and reliable AI agents.
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A Protocols

The definitions of the notations are summarized in
Table 6.

B Related Work

B.1 LLM-based Search Agent
Although LLMs exhibit impressive capabilities,
they often lack updated or domain-specific knowl-
edge (Peng et al., 2023; Li et al., 2023), which
undermines LLMs’ reliability. Therefore, search
engines (Zhao et al., 2024) are widely integrated to
provide external evidence. A common paradigm is
retrieval-augmented generation (RAG) (Gao et al.,
2024; Lewis et al., 2020), in which a search engine
retrieves documents relevant to the search query
and feeds them into LLMs. More recent work
treats search engines as interactive tools (Schick
et al., 2023), prompting or fine-tuning LLMs to act
as search agents (Xiong et al., 2025; Fang et al.,
2025; Wang et al., 2025b; Li et al., 2026). Ap-
proaches such as IRCoT (Trivedi et al., 2023b)
and ReAct (Yao et al., 2023) employ prompting
to interleave reasoning with iterative search calls.
Search-R1 (Jin et al., 2025) optimizes LLMs to
produce high-quality trajectories through real-time,
multi-turn search interactions using RL. Despite
these advances, prior studies have largely focused
on eliciting LLMs to output accurate knowledge in
reasoning paths despite given lengthy contexts with
noise, while overlooking the contextual interfer-
ence introduced by multi-turn search interactions,
which may cascade across subsequent actions, de-
grading the reliability and efficiency of the final
answers for search agents.

B.2 Contextual Interference
LLMs are highly sensitive to input contexts, leav-
ing them vulnerable to noise or irrelevant content
that can degrade output quality (Xie et al., 2024;
Razavi et al., 2025; Wang et al., 2025b). Exist-
ing strategies to mitigate this issue fall into three
main categories. (1) Key Information Extraction
identifies and preserves the most critical or relevant
information in contents as in dialogue state track-
ing (Jacqmin et al., 2022) or RAG reranking (Glass
et al., 2022; Nguyen et al., 2025; Yu et al., 2024);
(2) Compression method condenses lengthy in-
put sequences into summaries or latent states to
weaken noise (Jiang et al., 2023; Yi et al., 2025; Li
et al., 2025b). (3) Prompt-based method explic-
itly instructs LLMs to disregard irrelevant content
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Notation Description

Internal/External Knowledge of Search Agent (Sec. 2)

Mθ LLM agent with parameter θ.
KI Internal parametric knowledge of LLM.
KE External knowledge of retrieved documents.

Markov Decision Process of Agent (Sec. 2)

S Set of states where i-th state si ∈ S.
A Set of actions where i-th action ai ∈ A.
O Set of observations where i-th observation oi ∈ O.
T Set of state transition functions where T (sn+1|sn,an) ∈ T .
R Reward model where r = R(·).
E External retriever or search engine.
x Input query or task.
si i-th state including query, and previous actions and observations.
τ Completed trajectory to the query by LLM.
y LLM generated final answer of τ .
ŷ Ground-truth reference answer to query x.

Multi-turn Search Agent (Sec. 2)

Kb External knowledge base.
di Retrieved Top-K documents [di,1, . . . ,di,K ] at round i.
qi Search query of ai in round i.
pi Thinking step of ai in round i.

Context Refiner for Search Agent (Sec. 3.3)

F Context refiner.
d̃i Refined documents with critical information extracted from di to qi−1.
Dd Distill dataset.
Dc Context refinement dataset.
Mπ Foundation LLM.
MT Advanced teacher model.
LSFT
π Loss function to train context refiner using SFT.

Context Refinement for Search Agent Training (Sec. 4)

LCRRL
π Loss function to train policy model based on GRPO.
Mπ Policy model.
Mref Reference model.
G Number of rollouts in one group.
ϵ Clipping ratio.
β Coefficient for the KL divergence.
Aj Advantage estimate based on the group-relative rewards of the trajectory.
Dt Training dataset for GRPO.

Table 5: Summarized notations in this work.

(Rajeev et al., 2025). However, Key Information
Extraction relies on task-specific schema, Compres-
sion may distort key information and incur extra
compression cost, and Prompt-based methods are
sensitive to prompt design. More importantly, these

issues are exacerbated in multi-turn search-agent
scenarios, where the large volume of retrieved doc-
uments after several turns introduces more noise
and irrelevant information.
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B.3 Reinforcement Learning for Agent

Reinforcement Learning (RL) (Kaelbling et al.,
1996) has emerged as a paradigm for LLM post-
training or alignment (Ouyang et al., 2022). A va-
riety of RL algorithms have been introduced, like
PPO (Schulman et al., 2017) and GRPO (Shao
et al., 2024). With specific environments and re-
ward designs, LLMs can evolve as autonomous
agents capable of adaptive decision-making and
interactions with the environment. One representa-
tive application is Search Agent (Song et al., 2025;
Jin et al., 2025; Chen et al., 2025), which inter-
acts with search engines to iteratively gather exter-
nal knowledge into its reasoning, and thereby per-
forms knowledge-intensive tasks more effectively.
However, current RL research focuses on deriving
the optimal action from rollout trajectories while
overlooking the potential influence of context inter-
ference within trajectories—particularly in search
agents—thereby constraining the achievable per-
formance of RL algorithms.

C Dataset Details

Experiments are conducted to evaluate the perfor-
mance of search agents on various closed-book
QA datasets, which necessitate extra retrieval to
address, encompassing both single- and multi-hop
scenarios. Single-hop QA includes: 1) Natural
Questions (NQ) (Kwiatkowski et al., 2019), which
is constructed by Google Search queries along
with annotated short answers; 2) TriviaQA (Joshi
et al., 2017), which contains closed-book trivia QA
pairs to gauge models’ factual knowledge; and 3)
PopQA (Mallen et al., 2023), which consists of
entity-centric QA pairs converted from a knowl-
edge tuple retrieved in Wikidata. Multi-hop QA
includes: 1) HotpotQA (Yang et al., 2018), the first
large-scale dataset requiring reasoning across multi-
ple Wikipedia paragraphs; 2) 2WikiMultiHopQA
(2Wiki) (Ho et al., 2020), which provides evidence
information containing a reasoning path for multi-
hop questions; 3) MuSiQue (Trivedi et al., 2022),
which features more difficult 2-4 hop questions;
and 4) Bamboogle (Press et al., 2023), which is
made up only of complex questions that Google
answers incorrectly. Dataset statistics of seven test
sets are presented in Table 6.

C.1 Concerns about Data Contamination

We have carefully considered the concern about
Data contamination during the experiments and

verified that the external knowledge base Kb will
not contaminate the internal knowledge KI as fol-
lows.

In our experiments, the timeline of test sets is
synchronized with the wiki dump, so Kb is re-
garded as the ground-truth knowledge. Although
there may be partial knowledge conflicts between
Kb and KI due to knowledge updates, questions
in test sets usually have clear timeline information
as presented below.

HotpotQA: The 1895/96 Football
League season was the eighth
in Football League history with
Everton, their Goodison Park
home, is a football stadium
located in Walton, Liverpool, in
which country?

PopQA: In the 80s who wrote the
novel Empire of The Sun?

Therefore, Kb will serve as a ground truth and
will not contaminate KI . A very small number
of ambiguous questions can be ignored and will
not affect the performance evaluation. The search
agent framework and evaluation setting of this work
are implemented based on Search-R1, which is
reliable and widely adopted by a series of studies.

D Training Details

For GRPO training, we set the policy LLM learning
rate to 1e-6 and sample 4 responses per prompt, fol-
lowing the GRPO implementation in Verl (Sheng
et al., 2025). The batch size is set at 32, with a
mini-batch size of 8 and a micro-batch size of 4.
The maximum input sequence length and gener-
ation length are set to 2048 and 500 respectively.
We enable gradient checkpointing and use Fully
Sharded Data Parallel (FSDP) with CPU offload-
ing. For efficient LLM rollouts, we adopt vLLM
(Kwon et al., 2023) with a tensor parallel size of 1
and GPU memory utilization ratio of 0.7. The roll-
out sampling temperature is set to 0.7 and the top-p
value to 1.0. The KL divergence regularization co-
efficient β and clip ratio ϵ are set to 0.001 and 0.2.
The maximum action budget B is set to 8. In cases
where training diverges, we evaluate at the most
recent stable checkpoint according to the training
reward curve; otherwise, the final checkpoint is
used for evaluation.

For training-based baselines, due to the compu-
tational resource limitation with only 4×40G A100
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Dataset NQ TriviaQA PopQA HotpotQA 2Wiki MiSique Bamboogle

# Ques. 3610 11313 14267 7405 12576 2417 125

Table 6: Data statistics of questions in seven test sets.

Figure 7: Demonstration of how contextual interference affects the performance of LLM search agents. “recall
rate”=Nr/N denotes the proportion of questions for which the retrieved documents contain the correct answer (Nr)
among all questions (N ). “recall accuracy”=Nrc/N refers to the proportion of correctly answered questions (Nrc) in
Nr, relative to all questions (N ). “accuracy” represents the proportion of all correctly answered questions Nc out of
the questions (N ).

GPU cards, fine-tuning on the all corpus of 160k
samples of the training corpus is expensive. There-
fore, we employ a subset with 60k samples ran-
domly sampled from the original training corpus.
All other training settings are maintained. Exper-
iments conducted using CRRL are to validate the
effectiveness of incorporating context refinement
in RL pipelines for search agent training, which is
regardless of the training corpus quantity. We will
further add and clarify details of the training setting
differences in the final version of the manuscript.

E Experiments

E.1 Context Interference Effects

We have presented the results of context interfer-
ence effects on “recall rate” and “recall accuracy”
of context refinement and baselines in Table 7 as

follows.

E.2 Alternative Ranking Baselines

Baseline Setting To avoid the interference de-
rived from the irrelevant/distracting search results,
we employ alternative ranking baselines. In our
experiments, the retriever will consistently return
the top-3 highest-scoring documents, which may
contain irrelevant documents with relatively lower
retrieval scores. The retrieval score ranges from
[0, 1]. Therefore, we set different thresholds for
retrieval scores to filter out irrelevant documents.
We report the performance (EM/ART) of the rank-
ing baseline with other context refinement methods
in Table 8 for interference mitigation as follows.
EM and ART denote the Exact Match (EM) and
Average Retrieval Times (ART), respectively.
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recall rate recall accuracy accuracy
Qwen2.5-3b-Instruct

IRCoT 48.5 22.3 24.3
GPT-Compress 48.6 24.7 26.4
GPT-Refine 46.9 26.9 28.7
Self-Refine 46.5 22.4 24.5
Context Refiner 46.7 24.3 26.6
RFT 49.1 24.7 26.7
Search-GRPO 49.4 28.1 29.8
CRRL 48.4 29.7 31.5

Qwen2.5-7b-Instruct
IRCoT 52.6 24.4 27.5
GPT-Compress 51.5 27.2 30.5
GPT-Refine 50.0 29.4 33.2
Self-Refine 50.6 26.3 29.2
Context Refiner 51.2 28.6 32.2
IRCoT 52.6 24.4 27.5
RFT 53.5 28.8 33.1
Search-GRPO 54.9 32.2 34.6
CRRL 54.4 34.3 36.6

Table 7: Context interference effects on “recall rate”
and “recall accuracy” of context refinement and baseline
methods, measured by Exact Match (EM).

Analysis The ranking baselines marginally out-
perform the IRCoT but underperform other context
refinement methods, which can be attributed that

1. Ranking baselines can effectively filter out
irrelevant documents to mitigate context interfer-
ence but can also remove the ground-truth docu-
ments. Therefore, they can not lead to consistent
performance improvements in both reliability and
efficiency.

2. The performance of ranking baselines on dif-
ferent cases rely on the threshold setting, which
lacks flexibility compared with other model-based
context refinement methods.

F Prompt Template

Direct Inference Prompt

You are an excellent Question-
Answering assistant. Please
answer the following question
based on your knowledge. You
can directly provide the answer
inside <answer> and </answer>,
without detailed illustrations.
For example, <answer> North
America </answer>. Question:
{question}

CoT Prompt

You are an excellent Question-
Answering assistant. Please
answer the following question
based on your knowledge. You
must conduct reasoning inside
<think> and </think> to think
step by step first. You can
directly provide the answer
inside <answer> and </answer>,
without detailed illustrations.
For example, <answer> North
America </answer>. Question:
{question}

IRCoT Prompt

You are an excellent Question-
Answering assistant. Please
answer the following question
based on your knowledge. You
must conduct reasoning inside
<think> and </think> to think
step by step first. After reasoning,
if you find you lack some knowl-
edge, you can call a search engine
by <search> and </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> North
America </answer>. Question:
{question}
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Methods Single-Hop QA Multi-Hop QA Avg.
NQ TriviaQA PopQA HotpotQA 2wiki Musique Bamboogle

Qwen2.5-7b-Instruct
IRCoT 30.6 / 2.0 51.2 / 1.8 31.7 / 2.1 24.6 / 3.0 18.0 / 3.4 9.8 / 3.1 28.8 / 2.5 27.5 / 2.6
GPT-Compress 32.5 / 0.9 55.5 / 1.0 34.8 / 1.1 29.8 / 1.6 25.0 / 1.5 9.6 / 1.3 26.4 / 1.1 30.5 / 1.2
GPT-Refine 34.6 / 1.1 57.5 / 0.9 37.0 / 1.0 33.0 / 1.3 27.6 / 1.8 9.3 / 1.4 33.6 / 1.0 33.2 / 1.2
Self-Refine 32.5 / 1.5 53.3 / 0.9 33.0 / 1.0 27.0 / 1.4 21.6 / 1.5 8.4 / 1.2 28.8 / 1.0 29.2 / 1.2
Context Refiner 34.0 / 1.2 56.9 / 0.9 36.4 / 1.0 32.0 / 1.4 27.2 / 1.6 8.6 / 1.2 30.4 / 1.0 32.2 / 1.2
Ranking (t=0.2) 30.8 / 2.0 51.2 / 1.8 31.9 / 2.2 24.6 / 3.2 18.2 / 3.3 9.8 / 3.0 28.8 / 2.6 27.9 / 2.6
Ranking (t=0.5) 31.2 / 1.8 51.4 / 2.0 31.8 / 2.4 25.0 / 3.3 18.3 / 3.5 9.8 / 3.2 28.8 / 2.6 28.0 / 2.7

Qwen2.5-3b-Instruct
IRCoT 21.6 / 1.2 45.2 / 1.1 29.6 / 1.1 24.1 / 1.6 23.5 / 1.9 6.8 / 1.6 19.2 / 1.4 24.3 / 1.4
GPT-Compress 31.3 / 0.9 51.5 / 0.9 29.9 / 1.0 24.1 / 1.1 22.7 / 1.2 7.2 / 1.0 18.4 / 0.9 26.4 / 1.0
GPT-Refine 32.6 / 1.0 54.5 / 0.8 35.6 / 0.9 24.4 / 1.0 22.5 / 1.3 7.5 / 0.9 24.0 / 0.9 28.7 / 1.0
Self-Refine 23.7 / 1.1 47.6 / 0.9 30.8 / 0.9 23.1 / 1.0 21.4 / 1.2 5.0 / 1.1 20.0 / 0.9 24.5 / 1.0
Context Refiner 30.7 / 1.0 50.8 / 0.9 32.0 / 0.9 24.1 / 1.0 22.2 / 1.2 7.2 / 1.0 19.4 / 0.9 26.6 / 1.0
Ranking (t=0.2) 21.7 / 1.2 45.4 / 1.1 29.8 / 1.1 24.3 / 1.7 23.7 / 1.9 6.8 / 1.6 19.2 / 1.4 24.4 / 1.4
Ranking (t=0.5) 21.9 / 1.3 45.8 / 1.2 30.2 / 1.3 24.4 / 1.8 23.6 / 1.9 6.8 / 1.7 19.2 / 1.4 24.6 / 1.5

Table 8: Performance results of EM/ART across QA test sets on several baselines as well as our proposed CRRL
method, measured by Exact Match (EM) and Average Retrieval Times (ART).

Question x: Who is the mother of the father of George Washington?

ID 1: Generation using full documents with contextual interference.
Generation Round 1 [a0,o1]: <think> To find out who the mother of the father of George Washington is, I need to trace
back the family lineage of George Washington. </think> <search> Who is the mother of the father of George Washington?
</search>
<information> Doc 1(Title: “Lawrence Washington (1659–1698)”) Lawrence Washington (1659–1698) Lawrence Washing-
ton (1659 – February 1698), a colonial-era American who is principally remembered as the paternal grandfather of George
Washington. He was the owner of a substantial Virginia plantation that he inherited from his father, John Washington, as
the firstborn son under the law of primogeniture. Washington was sent to England to finish his education. In addition to
being a landowner and planter, he was a lawyer, soldier, and a politician in colonial Virginia. Lawrence Washington was
the eldest son of Lt. Col. John Washington (from Essex, England) and Anne Pope. He was born in 1659, on ... Doc 2(Title:
“Augustine Washington”) Augustine Washington Augustine Washington Sr. (November 12, 1694 – April 12, 1743) was
the father of the first U.S. President George Washington. He belonged to the Colony of Virginia’s landed gentry and was
a planter and slaveholder. Augustine Washington was born in Westmoreland County, Virginia, on November 12, 1694 to
Capt. Lawrence Washington, a militia captain and a member of the Virginia House of Burgesses, and Mildred Warner. His
paternal grandparents were Lt. Col. John Washington (c. 1631–1677) and his first wife, Anne Pope. Augustine was only four
years old when his father died. He inherited about on Bridges Creek ... Doc 3(Title: “Lawrence Washington (1602–1653)”)
Lawrence Washington (1602–1653) Rev. Lawrence Washington (1602 – 21 January 1653) was an English rector, and the
great-great-grandfather of George Washington. Washington was born in 1602. He was the fifth son of Lawrence Washington
(1565–1616) of Sulgrave Manor, Northamptonshire, son and heir of Robert Washington (1544–1619) esquire, of Sulgrave by
his first wife Elizabeth Lyte, daughter and heiress of Walter Lyte of Radway, Warwickshire. His mother was Margaret Butler
(d. 16 March 1651), the eldest daughter and co-heiress of William Butler, esquire, of Tyes Hall in Cuckfield, Sussex, and
Margaret Greeke, the daughter of Thomas Greeke, gentleman, of Palsters, Lancashire. </information>

Generation Round 2 [a1]: <answer> Anne Popej </answer>

ID 2: Generation using our proposed.
Generation Round 1 [a0,o1]: <think> To solve this problem, I need to trace back the lineage of George Washington’s
family. George Washington was the first President of the United States. His father was named Augustine Washington. So,
my next step would be to identify who Augustine Washington’s mother was. </think> <search> Who was the mother of
George Washington’s father Augustine Washington? </search>
<information> Augustine Washington, the father of George Washington, was born to Capt. Lawrence Washington and
Mildred Warner. Therefore, the mother of Augustine Washington was Mildred Warner. </information>

Generation Round 2 [a1]: <answer> Mildred Warner </answer>

Table 9: Demonstrations of one generation of a search agent given original retrieved documents (ID 1) and extracted
information (ID 2) respectively.
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Question x: Hndrxx features a guest appearance by what Canadian singer?

ID 1: Generation using full documents with contextual interference.
Generation Round 1 [a0,o1]: <think> I need to find out which Canadian singer Hndrxx has featured in his song. </think>
<search> Hndrxx featuring Canadian singer </search>
<information> Doc 1(Title: Hndrxx) Hndrxx Hndrxx (stylized in all caps and pronounced “Hendrix”) is the sixth studio
album by American rapper Future. It was released on February 24, 2017, by A1 Recordings, Epic Records, and Freebandz. It
followed the release of Future’s fifth eponymously titled album, “Future” (2017), by one week, and features guest appearances
from Rihanna, The Weeknd, Chris Brown, and Nicki Minaj. “Hndrxx” is also eponymously named after Future’s alter
ego, Future Hendrix. “Hndrxx” was supported by four singles: “Selfish”, “Pie”, “Incredible”, and “You da Baddest”. The
album received positive critical reviews and charted at number one, making Future the first artist ... Doc 2(Title: Hndrxx)
featuring Trinidadian-American rapper Nicki Minaj, was released as the album’s fourth single on July 28, 2017. The song was
produced by Go Grizzly and Detail. “Hndrxx” received generally positive reviews from critics. At Metacritic, which assigns
a normalized rating out of 100 to reviews from mainstream publications, the album received an average score of 78, based on
eight reviews. Neil Z. Yeung of AllMusic said, “Released” just a week after his self-titled fifth effort, Future’s “HNDRXX”
provided an introspective and confessional complement to the more extroverted “Future”. Ural Garrett of “HipHopDX” said,
“HNDRXX” provides a view into a modern rock ... Doc 3(Title: Hndrxx) included on to the tracklist on streaming services.
On July 28, 2017, another song was added to the streaming tracklist, “You da Baddest”. “Selfish” featuring Barbadian singer
Rihanna, was released as the album’s lead single on February 28, 2017. The song was produced by Detail, Major Seven and
Mantra. “Pie” featuring American singer Chris Brown, was released as the second single on June 25, 2017. The song was
produced by Detail and D. A. Doman. The album’s third single, “Incredible”, was released to rhythmic contemporary radio
on July 25, 2017. The song was produced by Dre Moon. “You da Baddest” </information>

Generation Round 2 [a1,o2]: <think> From the information provided, Hndrxx features a guest appearance by Rihanna,
Chris Brown, and Nicki Minaj. However, the specific Canadian singer who appears in Hndrxx is not mentioned here. I need
to search again for the exact information. </think> <search> Hndrxx Canadian singer guest appearance </search>
<information> Doc 1(Title: Hndrxx) Hndrxx Hndrxx (stylized in all caps and pronounced “Hendrix”) is the sixth studio
album by American rapper Future. It was released on February 24, 2017, by A1 Recordings, Epic Records, and Freebandz. It
followed the release of Future’s fifth eponymously titled album, “Future” (2017), by one week, and features guest appearances
from Rihanna, The Weeknd, Chris Brown, and Nicki Minaj. “Hndrxx” is also eponymously named after Future’s alter ego,
Future Hendrix. “Hndrxx” was supported by four singles: “Selfish”, “Pie”, “Incredible”, and “You da Baddest”. The album
received positive critical reviews and charted at number one, making Future the first artist ... Doc 2(Title: Hndrxx) included
on to the tracklist on streaming services. On July 28, 2017, another song was added to the streaming tracklist, “You da
Baddest”. “Selfish” featuring Barbadian singer Rihanna, was released as the album’s lead single on February 28, 2017. The
song was produced by Detail, Major Seven and Mantra. “Pie” featuring American singer Chris Brown, was released as the
second single on June 25, 2017. The song was produced by Detail and D. A. Doman. The album’s third single, “Incredible”,
was released to rhythmic contemporary radio on July 25, 2017. The song was produced by Dre Moon. “You da Baddest” ...
Doc 3(Title: Hndrxx) featuring Trinidadian-American rapper Nicki Minaj, was released as the album’s fourth single on July
28, 2017. The song was produced by Go Grizzly and Detail. “Hndrxx” received generally positive reviews from critics. At
Metacritic, which assigns a normalized rating out of 100 to reviews from mainstream publications, the album received an
average score of 78, based on eight reviews. Neil Z. Yeung of AllMusic said, Released just a week after his self-titled fifth
effort, Future’s “HNDRXX” provided an introspective and confessional complement to the more extroverted “Future”. Ural
Garrett of “HipHopDX” said, “HNDRXX” provides a view into a modern rock </information>

Generation Round 3 [a2]: <think> It seems that the search did not yield the specific information I was looking for. However,
I remember from the initial searches that Hndrxx featured Rihanna, Chris Brown, and Nicki Minaj. Among these, Nicki
Minaj is known to be a Canadian-American rapper. Therefore, the Canadian singer who appears on Hndrxx is likely Nicki
Minaj. </think> <answer> Nicki Minaj </answer>

ID 2: Generation using our proposed.
Generation Round 1 [a0,o1]: <think> I need to know who Hndrxx is and which Canadian singer he featured with. I don’t
have this information, so I should search for it. </think> <search> Hndrxx Canadian singer guest appearance </search>
<information> The album Ḧndrxxb̈y Future features guest appearances from Rihanna, The Weeknd, Chris Brown, and
Nicki Minaj. Chris Brown and Nicki Minaj are American singers. The Weeknd, a Canadian singer, is one of the guest artists
on the album. </information>

Generation Round 2 [a1]: <think> I found that the Canadian singer The Weeknd is a guest artist on Hndrxx’s album.
</think> <answer> The Weeknd </answer>

Table 10: Demonstrations of one generation of a search agent given original retrieved documents (ID 1) and
extracted information (ID 2) respectively.
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