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Abstract

Retrieval-augmented generation (RAG) is a
common strategy to reduce hallucinations in
Large Language Models (LLMs). While re-
inforcement learning (RL) can enable LLMs
to act as search agents by activating retrieval
capabilities, existing ones often underutilize
their internal knowledge. This might lead to
redundant retrievals, potential harmful knowl-
edge conflicts, and increased inference la-
tency. To address these limitations, an ef-
ficient adaptive search agent capable of dis-
cerning optimal retrieval timing and synergis-
tically integrating parametric (internal) and re-
trieved (external) knowledge is in urgent need.
This paper introduces the Reinforced Internal-
External Knowledge Synergistic REasoning
Agent (IKEA), which could indentify its own
knowledge boundary and prioritize the utiliza-
tion of internal knowledge, resorting to exter-
nal search only when internal knowledge is
deemed insufficient. This is achieved using a
novel knowledge-boundary aware reward func-
tion and a knowledge-boundary aware train-
ing dataset. These are designed for internal-
external knowledge synergy oriented RL, in-
centivizing the model to deliver accurate an-
swers, minimize unnecessary retrievals, and
encourage appropriate retrievals only when its
own knowledge is lacking. Evaluations across
multiple knowledge-intensive reasoning tasks
demonstrate that IKEA significantly outper-
forms baseline methods, reduces retrieval fre-
quency significantly, and exhibits robust gener-
alization capabilities.

1 Introduction

The advancement of reinforcement learning with
verifiable reward (RLVR) systems (Shao et al.,
2024; Su et al., 2025) has significantly enhanced
the reasoning capability of language models, like

knowledge-intensive tasks (Gao et al., 2024), R1-
like models (Su et al., 2025) could activate their
internal pre-trained knowledge through reasoning.
However, constrained by the finite nature of pre-
training corpora and the dynamic essence of world
knowledge, they remain susceptible to hallucina-
tions (Huang et al., 2025a). To address the knowl-
edge deficiencies, current research typically em-
powers models to invoke search engines, essentially
training them as search agents (Jin et al., 2025;
Chen et al., 2025). With RL, these models learn to
decompose tasks and then retrieve relevant knowl-
edge for each subtask to aid reasoning.

Despite this, the approach remains suboptimal
for several reasons: Firstly, it primarily leverages
the tool-calling and information extraction capabil-
ities of LLMs, largely underutilizing its potential
as an intrinsic knowledge base (i.e., LLM-as-KB
(Heinzerling and Inui, 2021; Zheng et al., 2024)).
This leads to substantial retrieval redundancy, as
external searches are still performed even when the
necessary information might already be implicitly
encoded within the model parameters. Secondly,
the redundant retrieval might introduce noise into
the retrieved contents (Dong et al., 2025), poten-
tially generating unnecessary knowledge conflicts
(Fang et al., 2024). A common issue is erroneous
retrieved knowledge overriding the accurate para-
metric knowledge (Xu et al., 2024b). Thirdly,
since each search engine call interrupts the genera-
tion process of the LLM, search redundancy will
elevate inference latency (Yu et al., 2024). Thus,
a critical research question emerges: How can we
train an efficient adaptive search agent that com-
prehensively integrates both parametric (internal)
and retrieved (external) knowledge?

This paper argues that such an agent needs to
posses the following key knowledge-related behav-
iors: (1) Self-knowledge Boundary Division (deter-

Deepseek-R1 (DeepSeek-Al et al., 2025). For mine known/unknown): the ability to decompose a
*Kang Liu is the corresponding author. query into atomic queries and determine whether
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each sub-query falls within the knowledge bound-
ary of the agent (Li et al., 2024a; Ren et al., 2024;
Wen et al., 2024); (2) Internal Knowledge Recall
(search in parameter): the ability to generate rele-
vant background knowledge to assist in answering
questions that fall within its knowledge boundary
(Cheng et al., 2024; Mao et al., 2021); (3) External
Knowledge Recall (search in corpus): the ability to
generate effective search queries for questions out-
side its knowledge boundary and utilize search en-
gines to acquire the desired knowledge (Zhao et al.,
2024). In all, an efficient adaptive search agent
needs to accurately determine whether to search
in parameter or corpus, and should prioritize uti-
lizing the knowledge embedded in its parameters,
thereby minimizing redundant search for informa-
tion that already exists within the model. Therefore,
the retrieval timing becomes the core. Existing re-
searches determine retrieval timing either via exter-
nal indicators/classifiers (Jiang et al., 2023; Jeong
et al., 2024), which often generalize poorly or re-
quire external tools, or through complex data engi-
neering for imitation/preference learning (Yu et al.,
2024; Guan et al., 2025; Wang et al., 2025a) to en-
able autonomous decision-making. However, how
to imbue a model with the capacity to determine
the optimal retrieval timing for adaptive retrieval
via RL has not been fully investigated.

To address these issues and enable the model
to exhibit the aforementioned behaviors, the pa-
per proposes the Reinforced Internal-External
Knowledge Synergistic REasoning Agent IKEA),
an efficient adaptive search agent powered by
RL. First, we design the IKEA agent framework,
which explicitly prompts the model to determine
its knowledge boundary and prioritize the utiliza-
tion of knowledge within its parameters. A search
engine is invoked to retrieve external knowledge
only when internal knowledge is deemed uncer-
tain or insufficient. Next, we introduce two key
components: a knowledge-boundary aware reward
function and a corresponding knowledge-boundary
aware training dataset for internal-external knowl-
edge synergy oriented RL. The reward function in-
centivizes correct answers while minimizing unnec-
essary external knowledge retrieval for questions
where the LLLMs have possessed sufficient internal
knowledge. Conversely, it encourages retrieval for
questions beyond its knowledge boundary. In this
way, the perception capability of self-knowledge in
LLMs could be improved. Specifically, the train-
ing dataset, meticulously constructed, comprises

a mixture of questions that the model is likely to
answer through its internal knowledge and those
requiring external knowledge. Actually, such a bal-
anced dataset is crucial for the model training to
adaptively and synergistically leverage both inter-
nal and external knowledge.

IKEA outperforms baselines across various
datasets and demonstrates strong generalization
capabilities on out-of-distribution datasets. Com-
pared to naive reinforcement learning approaches
(i.e. Search-R1) (Jin et al., 2025; Song et al., 2025;
Chen et al., 2025), it can significantly reduce the
number of retrievals while improving performance.
Furthermore, we conducted case studies to inves-
tigate and compare the behavioral patterns of dif-
ferent search agents, demonstrating that IKEA can
better perceive knowledge boundaries and perform
retrieval more efficiently. The contribution of this
paper are as follows:

* This paper addresses the limitations of current
search agents, which often over-rely on external
searches and underutilize their intrinsic knowl-
edge, leading to retrieval redundancy.

e This paper proposes Reinforced Internal-
External Knowledge Synergistic Reasoning
Agent (IKEA), an efficient adaptive search
agent via reinforcement learning, which could
delineate the self-knowledge boundary and
prioritize parametric knowledge before resorting
to external retrieval.

* This paper presents a detailed analysis demon-
strating that both knowledge-boundary aware re-
ward design and training dataset construction are
key to training efficient adaptive search agents.

2 Preliminary

2.1 Multi-turn RLVR for LLM-Agent

We consider an LLM agent 7 that interacts with
an environment £ over N rounds to complete
a task ¢. In each round k, the agent, based on
the current state sy, generates an action ag. The
environment responds with an observation oy 1.
The state sy, is the history of all preceding tokens:
s = (t,ag,01,...,ak_1,0). A full trajectory is
denoted as 7 = (¢, ag, 01,...,aN—_1,0nN,T), Where
r is a final reward. RL aims to optimize the policy
7(als) to maximize this reward.

While Proximal Policy Optimization (PPO)
(Schulman et al., 2017) is a common practice, it re-
quires training a separate, memory-intensive value
model to estimate the advantage. To circumvent
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Figure 1: The top of the figure illustrates the training process for Multi-turn Reinforcement Learning with Verifiable
Reward for LLM-Agent. In the middle is Search-R1, and at the very bottom is IKEA. Search-R1 and IKEA are
special types of LLM-agents. We highlight the differences from the training of general LLM-agents, and to save
space, we have omitted the common parts, such as the calculation of KL and Advantage.

this, we adopt Group Relative Policy Optimization
(GRPO) (Shao et al., 2024), a value-free algorithm.
GRPO performs a group of G rollouts per task and
estimates the advantage for each trajectory 7; by
normalizing its reward r; relative to the group’s
statistics: An = (r; — uy)/or, where p, and o,
are the mean and standard deviation of rewards in
the group. The GRPO loss function is:

G
. 1 1
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~LL T~ To1d (T N—
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mo (i k1 |84,k)
70,14 @ik 1S0,k)
puted only on the agent-generated action tokens.

where ry = The loss is com-

2.2 Agentic Search RL Paradigm

We instantiate this RL framework for knowledge-
intensive reasoning tasks, where the agent interacts
with a search environment. The agent’s actions aj
are structured token sequences using special tags,
as pioneered by recent works (Jin et al., 2025; Song
et al., 2025; Chen et al., 2025). Each action must
contain a reasoning step and an interaction step:

2

ax = (KTHINK> . .. </THINK>, ai"*™!)

The interaction part, aiMet

query or a final answer:

, 1s either a search

ainteract ¢ < SEARCH>[query]</SEARCH>, 3
<ANSWER>[final answer|</ANSWER>}

If a <SEARCH> action is generated, the environ-
ment returns retrieved documents as the observa-
tion 0py; = <CONTEXT>|...|</CONTEXT>. If
an <ANSWER> action is generated, the episode ter-
minates, and a final reward r is calculated based
on an Exact Match Reward Function. A group of
such trajectories is then used to optimize the agent
with the LORPO(9) loss function defined in Section
2.1. The content within the environment-provided
<CONTEXT> tags is masked out during loss calcu-
lation.

3 IKEA: Reinforced Internal-External
Knowledge Synergistic Reasoning
Agent

An efficient adaptive search agent should possess
the ability to delineate its own knowledge bound-
ary and leverage internal parametric knowledge
as much as possible within this boundary, while
employing retrieval for knowledge outside this
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boundary. To this end, we propose the Rein-
forced Internal-External Knowledge Synergistic
REasoning Agent (IKEA) as shown in the bot-
tom of Figure 1. We design the system prompt (in
Appendix B) to encourages the agent to first delin-
eate its own knowledge boundary and prioritize its
internal parametric knowledge. The fundamental
challenge, however, is training the agent to learn
how to make this crucial decision dynamically. We
describe the design philosophy of the reward mech-
anism first. Then we elaborate the specific details
for knowledge-boundary aware RL.

3.1 Design Philosophy: Knowledge Boundary
Perception via Online Exploration

To overcome the redundant retrievals that plague
existing models, our core design philosophy is to
train an agent that can perceive its own knowl-
edge boundary. We define this boundary as the
distinction between the model’s inter parametric
knowledge and the external knowledge. Rather
than using static rules, we empower the agent to
learn this boundary dynamically through RL.
During the rollout phase for collecting trajecto-
ries, we can observe the agent’s actions across two
axes: whether it performs a search and whether it
answers correctly, which defines four key behav-
iors:
¢ Behavior 1 (No Search, Correct): The ideal
case where internal knowledge is sufficient.

* Behavior 2 (No Search, Incorrect): The worst
case where the agent is unaware of knowledge
gap.

* Behavior 3 (Search, Correct): A successful
case where the agent actively fills knowledge
gap.

* Behavior 4 (Search, Incorrect): A suboptimal
case where an attempt to fill knowledge gap fails.
Our reward mechanism is meticulously designed

to instill a preference for these behaviors in the

order of 1 >3 >4 > 2. This hierarchy teaches the
agent to perceive its knowledge boundary through

a series of crucial trade-offs.

First, the preference for Behavior 1 over 3 is
key to promoting efficiency and confidence. When
both paths lead to a correct answer, we reward
the agent more for relying on its internal knowl-
edge. This penalizes redundant searches—those
performed out of uncertainty rather than neces-
sity—and encourages the model to trust its own
parameters, thereby solidifying its perception of

the internal knowledge boundary. Furthermore,
within Behavior 3 itself, we can perform more fine-
grained boundary learning. If multiple trajectories
with varying numbers of searches all lead to a cor-
rect answer, we reward those with fewer searches
more highly. This penalizes the redundant searches
present in the longer trajectories, further training
the agent to distinguish precisely which pieces of
knowledge require external support. Next, the pref-
erence for Behavior 4 over 2 is designed to dis-
courage inaction when the agent has knowledge
deficiency. While both scenarios result in an in-
correct answer, Behavior 4 demonstrates that the
agent was at least aware of a potential knowledge
gap and attempted to explore. Rewarding this ex-
ploration, even if unsuccessful, trains the agent to
avoid being "confidently wrong" and instead seek
external help when its internal knowledge is insuffi-
cient. Finally, the clear separation between correct
and incorrect outcomes (Behaviors 1 & 3 >4 &
2) ensures that accuracy remains the primary ob-
jective. The agent learns that any path to a correct
answer is fundamentally better than any path to an
incorrect one.

This creates a dynamic tension that forces the
agent to learn a true knowledge-boundary aware-
ness. It must constantly balance the efficiency of
using internal knowledge against the risk of being
incorrect, and the necessity of exploration against
the cost of search. This philosophy of cultivating a
nuanced self-awareness is operationalized through
the specific RL framework detailed next.

3.2 Knowledge-boundary Aware RL

Reward Function. Due to the probabilistic nature
of LLMs, existing LLMs have a blurred percep-
tion of their self-knowledge boundaries. They can-
not definitively distinguish which questions pertain
to internal knowledge and which require external
knowledge. As shown in the bottom of the Figure
1, for the same task, 7; only uses internal knowl-
edge, 7g—1 only use external knowledge, and 7¢
uses both internal and external knowledge. Con-
sequently, agents may exhibit knowledge misiden-
tification behaviors, leading to the generation of
hallucinated answers for questions outside their
knowledge boundaries, while utilizing redundant
retrieval to for questions within their knowledge
boundaries.

To address this, we design a knowledge-
boundary aware reward composed of several com-
ponents. First, the answer reward (rg,s) is 1 if
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the final answer matches the gold answer, and O
otherwise. Second, the knowledge boundary re-
ward (ryp) is determined as follows: if r4,s = 1,
rkp 1S a linear function increasing as the retrieval
times (RT') decrease, ranging from O to 7xp4. If
rans = 0, then r, = 0 when the number of re-
trievals is 0, and 7, = 7, (a small value) when
the number of retrievals is greater than 0. Finally,
for the format reward, if the generated trajectory vi-
olates format constraints of IKEA, the total reward
is -1; otherwise, it iS 7qns + Tkp-
The reward function is as follows:

R {—1 if format is incorrect @

Tans + Ty 1f format is correct

1 ans == gold ans
Tans = &)
0 ans !=gold ans

reby X (1 _ Rﬁfﬂ) if rone = 1

Tkb = § 0 ifrgns =0and RT =0

if rons =0and RT > 0
(6)

Tkb—

Here, RT,,,; denotes the maximum number of
retrievals, ri— is a small value, 7y is the maxi-
mum possible knowledge boundary reward. Dur-
ing exploration, when the agent obtains the correct
answer (rgn,s = 1), it may utilize internal or ex-
ternal knowledge. The reward ry, is designed
to incentivize the agent to minimize retrieval at-
tempts, thereby favoring the use of internal knowl-
edge. Conversely, when the agent fails to obtain
the correct answer (74,5 = 0), indicating high un-
certainty regarding relevant knowledge, the reward
rry— encourages reliance on external knowledge.
To prevent the development of excessive retrieval
behavior, we establish 75, < Tkp4-

Dataset Construction. We use In-context Learn-
ing with three Chain-of-Thought exemplars to
probe the internal knowledge of the model. For
each question, we sample the answer IV times. A
question is labeled Q¢qsy if the correct answer is
obtained at least once, indicating the model likely
possesses the relevant knowledge. Otherwise, it’s
labeled Qpqrd-

If the training dataset exclusively contained data
from @)cqsy, the model would be more likely to
utilize internal knowledge during rollout, and re-
lying solely on internal knowledge would yield
higher rewards than using retrieval. Consequently,

after full training, the model would tend to avoid
retrieval for any question. Conversely, if the train-
ing dataset only comprised QQpq-q questions, the
model would be more inclined to use external re-
trieved knowledge during the rollout, and using the
retriever would result in higher rewards than not
using it. Thus, after full training, the model would
tend to use retrieval exclusively for all questions.

To achieve a balanced use of internal and exter-
nal knowledge, we construct the training dataset
with a 1:1 ratio of Qcasy and Qpqrq questions. This
promotes adaptive retrieval and synergy between
internal and external knowledge.

Finally, based on our carefully constructed re-
ward function and the training dataset, we optimize
the agent towards internal-external knowledge syn-
ergy using the Loss Function 1.

4 Experiment

4.1 Setting

Test sets (easy and hard subsets) were constructed
like the training set (Section 3.2), including two
in-distribution and two out-of-distribution sets
(details in Appendix C). We benchmarked our
method against baselines (Appendix D) using vari-
ous model sizes and types, with training specifics
in Appendix E. Performance was evaluated by ex-
act match (EM) and efficiency by the number of
valid searches (RT) (Jin et al., 2025).

4.2 Overall Results

Experimental results are presented in Table 1, with
corresponding training dynamics illustrated in Fig-
ure 2. Moreover, we show the average perfomrance
of each dataset in Table 10. A detailed analysis
was conducted to demonstrate the advantages and
provide insights for future research.

Baselines without parameter updates strug-
gle to effectively synergize internal and external
knowledge. "Direct" (internal knowledge) is out-
performed by retrieval-based methods like "RAG"
and "Iter-Retgen" (Shao et al., 2023) on "Hard"
tasks, revealing LLMs’ internal knowledge gaps.
However, constant retrieval introduces conflicts and
latency. Adaptive methods like IR-COT (Trivedi
et al., 2023) and FLARE (Jiang et al., 2023) fail to
solve this; IR-COT improves "Hard" performance
at the cost of "Easy" tasks, while FLARE’s token-
probability trigger is ineffective, leading to mini-
mal retrieval. This shows that un-finetuned mod-
els cannot autonomously and effectively determine
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Table 1: Overall performance based on Qwen2.5-3B(-Instruct) and Qwen2.5-7B(-Instruct). Models with the "-Zero"
suffix are trained from the Base model, otherwise trained from the Instruct model. EM is the exact match, and RT is
the number of valid searches. “** results are reproduced using the checkpoint released by the original paper, the
Search-R1-Zero-3B might suffer from over-optimization and it is hard to count the RT. "DeepRAG results are from
its original paper; the values are EM/RT.

NQ PopQA HotpotQA 2Wiki

Av;

Method Easy Hard Easy Hard Easy Hard Easy Hard ¢

EM RT EM RT EM RT EM RT EM RT EM RT EM RT EM RT EM RT
Qwen2.5-3B
w/o parameter update (re-implementation)
Direct 3633 0 391 0 5605 0 2.54 0 5039 0 1.56 0 5098 0 1172 0 26.69 0.00
RAG 59.77 1 30.47 1 68.16 1 31.64 1 54.30 1 13.87 1 40.04 1 12.70 1 38.87 1.00
Iter-Retgen 5957 4 3027 4 6855 4 3281 4 5586 4 16.02 4 41.60 4 1523 4 39.99 4.00
IR-COT 3574 326 1504 334 4805 3.15 2480 3.17 4336 3.64 977 3.60 2539 382 9.18 3.70 26.42 3.46
FLARE 3457 021 449 041 5215 0.18 449 052 4844 016 176 0.61 5000 0.03 11.13 0.32 25.88 0.31
Reinforcement learning (re-implementation for search-rl)
R1-Zero 6234 0 1055 0 7266 O 3.71 0 5957 0 4.49 0 5722 0 1328 O 35.48 0.00
R1 59.77 0 7.23 0 7011 0 3.13 0 5801 0 3.71 0 57.81 0 13.67 0 34.18 0.00
Search-R1-Zero™  66.60 - 28.51 - 7173 - 27.93 - 64.45 - 13.67 - 5254 - 13.48 - 43.11 -
Search-R1 6641 1.17 3261 130 7343 122 2949 153 6523 186 2227 188 51.17 216 2656 2.00 45.90 1.64
IKEA-Zero 7129 100 34.18 1.00 7890 1.00 3594 1.02 6894 105 21.09 1.14 5469 1.19 23.63 139 48.58 (+5.47) 1.10
IKEA 7246 1.00 31.44 1.02 79.69 1.00 3359 1.02 6992 1.04 20.11 1.13 5937 1.15 20.70 1.21 48.41(+2.51) 1.07 (-34.76%)
Qwen2.5-7B
w/o parameter update (re-implementation)
Direct 41.41 0 4.30 0 61.13 0 2.34 0 5469 0 4.10 0 5195 0 1094 0 28.86 0.00
RAG 57.23 1 26.37 1 69.73 1 31.64 1 58.98 1 17.77 1 40.82 1 11.33 1 39.23 1.00
Iter-Retgen 5879 4 2695 4 7090 4 3125 4 6152 4 1973 4 4336 4 1445 4 40.87 4.00
IR-COT 40.04 259 1426 2.68 5898 248 2578 256 46.09 3.09 1426 294 1758 3.18 1250 3.07 28.69 2.82
FLARE 39.65 0.16 527 028 5996 0.11 313 0.67 5293 008 4.10 0375 51.17 0.03 1152 035 28.47 0.26
SFT/DPO (results from the original paper, shown as EM/RT)
DeepRAG’ - 40.60/ 32.10/ 40.40/
Reinforcement learning
R1-Zero 66.80 0 1523 0 7265 O 6.25 0 6465 0 5.66 0 5332 0 18.16 0 37.84 0.00
R1 6250 0 1406 0 73.04 O 527 0 6406 0 5.47 0 5723 0 1445 0 37.01 0.00
Search-R1-Zero 68.55 1.19 3555 134 7637 1.16 3359 130 69.73 1.78 2578 1.77 46.68 238 26.56 2.13 47.85 1.63
Search-R1 65.63 134 3340 151 78.13 124 3262 151 68.17 200 24.02 2.07 3535 267 2266 247 45.00 1.85
IKEA-Zero 7480 1.00 37.89 1.00 8047 1.00 3320 1.00 7422 101 2343 1.08 5742 1.03 2734 123 51.10(+3.25) 1.04(-36.20%)
IKEA 7461 059 3223 0.89 80.08 0.56 31.84 1.09 7188 0.60 2656 120 5449 093 2871 138 50.05(+5.05) 0.91(-50.81%)

Number of Valid Searches
Response Length
Training Rewards

20 40 60 80 100 120 20 a0 60 80 100 120 20 0 60 80 100 120
Step Step Step

(a) Num of Valid Search (b) Response Length (c) Training Rewards

Figure 2: The training log of IKEA-3B-Zero, IKEA-3B, IKEA-7B-Zero and IKEA-7B. We show the curve of
number of valid searches, response length and trainign rewards.

when to synergistically leverage internal and exter- IKEA can adaptively combine internal and ex-
nal knowledge. ternal knowledge for synergistic knowledge rea-

Reinforcement learning baselines can effec-  soning. Through RL with a knowledge-boundary
tively activate either internal or external knowl- aware reward, IKEA learns to use internal knowl-
edge, but not both synergistically. R1, an RL- edge when sufficient and retrieve external knowl-
based method focusing on internal knowledge, im-  edge only when necessary. Compared to R1, IKEA
proves performance on "Easy" subsets but not on  improves performance by over 10%, primarily
"Hard" ones. Conversely, Search-R1 (Jin et al., on "Hard" subsets. Compared to Search-R1, it
2025) uses RL to generate search queries for exter-  achieves superior performance with significantly
nal knowledge, outperforming other retrieval meth-  fewer retrievals. This shows IKEA learns to de-
ods with fewer calls. While both demonstrate RL’s  lineate its own knowledge boundaries, leverag-
ability to enhance the use of internal or external  ing parametric knowledge by default and external
knowledge in isolation, neither method effectively ~ knowledge selectively, which mitigates knowledge
integrates the two sources. conflicts, improves efficiency, and generalizes well
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to out-of-distribution datasets.

The IKEA training method is effective across
models of different sizes and types. As shown in
Figure 2, IKEA models initialized from instruction-
tuned LMs and IKEA-Zero models from base LMs
converge to similar high rewards, demonstrating
that RL can instill this synergistic reasoning capa-
bility from scratch. Larger models (7B vs. 3B)
learn faster and achieve better results. The train-
ing logs show a pattern where retrieval counts first
increase (exploration) and then decrease (exploita-
tion), indicating that the model learns to eliminate
retrieval redundancy over time.

Finally, we show more experimental results on
additional datasets in Appendix G.2 and more base-
line comparison in Appendix G.1.

5 Ablation Study

We conducted ablation studies in Section 5.1 and
5.2 based on Qwen2.5-3B-Instruct, which fully val-
idated the effectiveness of the proposed method.
We show more ablation results in Appendix F.

5.1 The effects of reward design

Table 2: The ablation results of reward design.

o NQ PopQA HotpotQA 2Wiki

Av

Easy Hard Easy Hard Easy Hard Easy Hard ¢

IKEA (EM) 7246 3144 79.69 33.59 69.92 20.11 5937 20.70 48.41
RT .00 1.02 100 102 1.04 113 115 121 107
-wlor— (EM)  66.01 2891 74.61 3242 6699 2090 5527 021 43.17
RT 048 068 053 100 058 1.08 064 111 089
-wlorg (EM)  71.09 3457 7637 3223 70.12 2559 5332 2520 48.56
RT 1.40 1.54 1.35 1.63 194 212 240 248 1.86

We present the training process using different
rewards in Figure 3 and the final test results in Table
2. Without the knowledge boundary aware reward
("w/o rip"), both effective retrievals and response
length show a consistent upward trend, significantly
surpassing models with the original reward. This
is because early in training, retrieval is more fre-
quently rewarded than relying on parametric knowl-
edge, leading to gradient updates that suppress the
latter. Consequently, the model develops a bias for
"retrieval > no retrieval”, eventually maximizing
reliance on retrieved knowledge, akin to the Search-
R1 strategy. For the "w/o ry-" case (excluding the
negative component of the knowledge boundary
aware reward), retrieval count and response length
are significantly less than the original reward. Be-
cause the positive reward component (rg,+) en-
courages greater reliance on internal knowledge.
This leads to incorrect generalization, where the

model increasingly defaults to the R1 strategy even
for questions requiring external knowledge. Final
results show that IKEA "w/o 7" achieves a simi-
lar EM score but with significantly more retrievals.
Conversely, IKEA "w/o rp,_" exhibits consider-
ably degraded performance alongside a substan-
tial decrease in retrievals. Therefore, we conclude
that an effective knowledge boundary aware reward
function must appropriately balance internal and
external knowledge utilization to achieve their syn-
ergistic application.

5.2 The effects of dataset difficulty

Table 3: The ablation results of the difficulty of the
training datasets.

NQ PopQA HotpotQA 2Wiki
Easy Hard Easy Hard Easy Hard Easy Hard

IKEA (EM) 7246 3144 79.69 3359 69.92 20.11 5937 20.70 48.41
RT .00 1.02 100 1.02 1.04 113 115 121 1.07
-w/easy (EM) 6699 2188 76.17 2559 66.70 1543 5645 16.80 43.25
RT 028 054 029 080 034 084 016 070 049
-w/hard (EM) 66.02 3398 7539 035 6465 2500 46.09 23.63 41.89
RT .03 1.07 105 1.11 146 159 208 210 144

Method Avg

We illustrate the training processes using differ-
ent datasets of varying difficulty in Figure 4 and
present the final test results in Table 3. Training on
datasets of varying difficulty (easy, mixed, hard)
revealed a consistent trend during training: Hard >
Mixed > Easy for both effective number of searches
and response length. This is because the model
uses parametric knowledge for problems within
its knowledge boundary and retrieval knowledge
for those beyond it. Training on the Easy dataset
showed a continuous decrease in retrieval attempts
and response length, indicating that models con-
verge to behaviors characteristic of the training
data’s difficulty. On the test set, both easy and hard
variants of the IKEA model showed substantially
lower Exact Match (EM) scores compared to the
original. Retrieval attempts dropped significantly
for the easy variant and increased substantially for
the hard variant. This highlights that dispropor-
tionately favoring one type of knowledge hinders
full performance, underscoring the importance of
synergistically using both internal (parametric) and
external (retrieval) knowledge for reasoning.

6 Redundant Retrieval Analysis

A key motivation for IKEA is to mitigate errors
caused by the flawed retrieval strategies of existing
models. To analyze the effectiveness of IKEA, we
categorize these common failures into two types
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Table 4: IKEA-7B Performance on Redundant Retrieval
Error Types.

Partition Count IKEA Correct IKEA Correct Ratio
Invalid Retrieval 452 55 0.12
Conflict Retrieval 90 57 0.63

that often stem from redundant retrieval:

Invalid Retrieval: This occurs due to insuffi-
cient internal knowledge, and the subsequent ex-
ternal search also fails to provide relevant informa-
tion, leading to an incorrect final answer. Conflict
Retrieval: This occurs when the model’s internal
parametric knowledge is actually correct, but the
external search retrieves conflicting or misleading
information that overrides this internal knowledge,
also resulting in an incorrect answer.

To quantify performance against specific fail-
ure modes, we created approximate error sets by
analyzing the performance of the 7B-level R1 (in-
ternal knowledge only) and Search-R1 (external
knowledge only) models on the HotpotQA dataset.
Cases where both models failed are labeled as "In-
valid Retrieval," while cases where R1 succeeded
but Search-R1 failed are labeled as "Conflict Re-
trieval." As shown in Table 4, IKEA demonstrates
a substantial ability to resolve these challenges.

IKEA’s success in these scenarios stems directly
from its core design philosophy of knowledge
boundary perception: Against Invalid Retrieval:
IKEA learns to generate more precise and effec-
tive search queries through reinforcement learning.
By improving the quality of its exploration, IKEA
can retrieve relevant information where Search-
R1’s more generic queries fail, thus successfully
bridging the knowledge gap. Against Conflict
Retrieval: Because IKEA’s reward function en-
courages it to trust its internal knowledge when
sufficient (Behavior 1), it learns to avoid perform-
ing redundant searches for topics it already knows
well. This fundamental avoidance of unneces-
sary retrieval is its primary defense, as it prevents
the model from ever being exposed to the poten-
tially conflicting external information that misleads
Search-R1.

The case studies shown in the Appendix H pro-
vide qualitative examples of IKEA.

7 Related Work

RL for LLM-based Agent Reinforcement
Learning (RL) (Wang et al., 2025b) is a crucial
technique for post-training Large Language Mod-

els (LLMs), enabling the alignment of pre-trained
models’ values (Ouyang et al., 2022) and enhanc-
ing their capabilities in specific downstream tasks
(Goldie et al., 2025). The community has de-
veloped various distinctive RL algorithms, such
as PPO (Schulman et al., 2017), DPO (Rafailov
et al., 2023), RLOO (Ahmadian et al., 2024), Re-
Max (Li et al., 2024b), and GRPO (Shao et al.,
2024). Building upon this, by constructing dif-
ferent environments and reward functions, LLMs
can be trained into intelligent agents capable of
autonomous decision-making and interaction with
the environment (Huang et al., 2025b). A typical
application in this area is the Search Agent (Jin
et al., 2025; Chen et al., 2025; Song et al., 2025),
which interacts with search engines to continuously
acquire knowledge from the environment and per-
form reasoning.

The Knowledge Boundary of LLM Large
Language Models possess parametric knowledge
(Zheng et al., 2024) and can access external knowl-
edge. The concept of Knowledge Boundary (Li
et al., 2024a; Xu et al., 2024a) distinguishes be-
tween these. This boundary is probed using
template-based methods (evaluating responses to
specific prompts (Petroni et al., 2019)) or internal
state-based methods (classifying based on model
features like hidden states (Chen et al., 2024) or
SAEs (Zhao et al., 2025)). Understanding this
boundary is crucial for Retrieval Augmented Gen-
eration (RAG) models (Ren et al., 2024) to adapt
their behavior to different questions and avoid hal-
lucinations.

8 Conclusion

This paper introduced the Reinforced Internal-
External Knowledge Synergistic Reasoning Agent
(IKEA), an innovative approach to developing effi-
cient and adaptive search agents. IKEA addresses
critical limitations in existing RL-based search
agents, namely the underutilization of internal
knowledge, which can lead to redundant retrievals,
potential knowledge conflicts, and increased infer-
ence latency. The core of IKEA lies in its ability to
discern its own knowledge boundary, prioritizing
the use of its internal parametric knowledge and
resorting to external search only when the inter-
nal knowledge is deemed insufficient or uncertain.
This approach significantly enhances reasoning effi-
ciency and accuracy on knowledge-intensive tasks.
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Limitations

Despite these achievements, IKEA’s reliance on
specific dataset construction and model probing for
knowledge boundary awareness may limit its uni-
versal applicability, the reward function parameters
might require grid searching, and the RL training
process is computationally expensive. Future work
could explore more dynamic knowledge boundary
learning methods, investigate applicability across a
broader range of tasks, and aim to reduce training
resource requirements.

Ethical Consideration

IKEA is designed with ethical integrity and envi-
ronmental sustainability at its core. By enabling
models to autonomously evaluate their internal
knowledge boundaries before querying external
resources, IKEA reduces redundant search calls
by up to 50%, substantially lowering the compu-
tational energy consumption and carbon footprint
of long-horizon reasoning at inference time. To
safeguard data privacy, external queries are strictly
restricted to read-only tool interactions, preventing
unconstrained actions while supporting execution
within isolated or enterprise RAG environments to
avoid sensitive data leakage. Furthermore, IKEA’s
internal-external synergistic reward explicitly pe-
nalizes noisy or redundant retrievals, mitigating the
propagation of web-based misinformation. Overall,
IKEA offers a safe, resource-efficient, and trustwor-
thy framework for modern adaptive search agents.
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A LLM Usage Disclosure

We use LLM for paper writing to check grammar
and boost the clarity. We do not use LLM for re-
search. We do not use LLM to generate experiment
code and analysis.

B IKEA agent template

We use the system template in Table 5 to prompt
the agent to interact with the environment:

C Dataset Construction

We use NQ (Kwiatkowski et al., 2019) and Hot-
potQA (Ho et al., 2020) as the in-distribution
datasets. We use the PopQA (Mallen et al., 2023)
and 2Wikimultihopga (Ho et al., 2020) as the out-
of-distribution datasets. Following the knowledge-
boundary training dataset construction method, we
construct easy and hard subset for each dataset.
We use the Qwen-2.5-3B-Instruct as the sampling
model. There are 512 examples in each subset of
each dataset.

D Baselines

We compared methods that do not require train-
ing (e.g., zero-shot or few-shot prompting), those
that utilize Supervised Fine-Tuning (SFT) and Di-
rect Preference Optimization (DPO), and reinforce-
ment learning-based approaches. The correspond-
ing baselines are shown as follows:

* Direct We directly prompt the model to an-
swer the relevant question using only its inter-
nal knowledge.

* RAG We retrieve documents using the ques-
tion and prompt the model to answer the rel-
evant question relying solely on the retrieved
knowledge.

* Iter-Retgen (Shao et al., 2023) It is an itera-
tive retrieval-generation method that achieves
strong performance by synergizing parametric
and non-parametric knowledge. We set the
default ret-gen turns as 4.

e IR-COT (Trivedi et al., 2023) It is method
for multi-step question answering, which in-
terleaves retrieval with steps in the chain-of-
thought, using CoT to guide retrieval and re-
trieval results to improve CoT. It will adat-
pively determine the turns of retrieval accord-
ing to the knowledge needs. And we set the
max turns as 4.

* FLARE (Jiang et al., 2023) This method in-
troduces a forward-looking active retrieval-
augmented generation (FLARE) approach
that iteratively uses predictions of upcoming
sentences to anticipate future content and re-
trieves relevant documents when a sentence
contains low-confidence tokens, in order to
regenerate that sentence. It uses a specific cri-
teria to determine the retrieval timing. We set
the max number of search as 4.

DeepRAG (Guan et al., 2025) This method
introduces a framework that models retrieval-
augmented generation as a Markov Decision
Process (MDP), enabling strategic and adap-
tive retrieval to improve retrieval efficiency
and answer accuracy. It collects offline tra-
jectories to finetune the base model with SFT
and DPO.

R1 (DeepSeek-Al et al., 2025) It uses rein-
forcement learning to encourage the model to
reason in order to activate its internal knowl-
edge. This method only uses the internal
knowledge.

Search-R1 (Jin et al., 2025; Song et al., 2025;
Chen et al., 2025) The model’s capacity to
employ external retrieval tools is activated via
multi-turn reinforcement learning. This tech-
nique exclusively relies on the model’s exter-
nal knowledge. We set the max number of
search as 4.

E Implementation Details

We use e5-base (Wang et al., 2022) as the retriever
model and wikipedia2018 as the corpus for re-
trieval. We employ Qwen2.5-3B(-Instruct) and
Qwen2.5-7B(-Instruct) as the initial models. Mod-
els with the "-Zero" suffix are trained from the Base
model, while those without it are trained from the
Instruct model. we use FlashRAG (Jin et al., 2024)
to reproduce the baseline results. We utilize the verl
(Sheng et al., 2025) framework for training. GRPO
(Shao et al., 2024) is used as the reinforcement
learning algorithm. We use the NQ and HotpotQA
to construct training datasets. For each one, we
sample 4000 easy samples and 4000 hard samples.
We set the number of rollouts as 16 for one task.
We set the learning rate as Se-7, warmup ratio as
75%, batch size as 256, training steps as 120. We
set rip+ as 0.6 and rg,— as 0.05, RT 4, as 3. We
use 8 A100 GPUs for all the experiments.

46779



You are an expert assistant capable of solving knowledge-intensive tasks efficiently. You will be given
a question to answer as accurately as possible.

You can use your own knowledge or call external search engines to gather additional information, but
searching should only occur when necessary. Specifically, you should search only when encountering a
clear knowledge gap or uncertainty that prevents you from confidently answering the question.

To arrive at the answer, you will proceed step-by-step in a structured cycle of ’<think>thinking
content</think>’, ’<search>search query</search>’ (optional), and ’<context>returned external infor-
mation</context>" (optional) sequences. You can only generate content within these special tags.
Remember that <search>xxx</search> and <context>xxx</context> are optional. You can skip them if
you have enough knowledge to answer the question. And skip is them is encouraged and preferable.
Thinking Phase (<think>): Recall your own knowledge, analyze current information, and decide
whether further search is needed. If enough knowledge is available, skip searching. For question, it
may be decomposed into sub-questions for you to think about. Some sub-questions may be answered
by searching, while others may not. You can also use the <think> tag to express your uncertainty about
the sub-question.

Searching Phase (<search>): Formulate a search query only if required to fill a knowledge gap or verify
uncertainty. Skip if unnecessary. Information Phase (<context>): Use search results as context for
further steps. If no search was performed, proceed without this phase.

Answering Phase (<answer>): Provide a concise and accurate answer within <answer> tags once you
have enough knowledge. The answer should be short and precise, such as <answer> Beijing </answer>.
Here are a few examples:

Example 1: search is needed, search more than once

Question: xxx

<think> xxx </think>

search> xxx </search>

<context> xxx </context>

<think> xxx </think>

(search more than once)

<think> xxx </think>

<answer> Xx </answer>

Example 2: search is needed, only search once

Question: xxx?

<think> xxx </think>

<search> xxx </search>

<context> xxx </context>

<think> xxx </think>

<answer> XXx </answer>

Example 3: search is not needed

Question: xxx?

<think> xxx </think>

<answer> xxx </answer>

You can search 0 - N times. 0 is preferable. Each search should be focused on one sub-question.

The answer within <answer> tags should be short and precise, such as <answer> yes </answer>.
Now it is your turn to answer the question.

Question: {question}

Table 5: System prompt of IKEA.
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F Ablation Study

We produce more ablation study results based on
Qwen-2.5-Instruct.

F.1 The effects of reward design

We show fine-grained ablation results of r,jb in Ta-
ble 6. For r;“b, we find that IKEA is relatively
robust to this parameter, which remains largely un-
changed under different settings.

For r,,, our preliminary experiments show that
this value should not be set too large, otherwise it
will cause the model training process to collapse.
We find that a value slightly larger than O is suf-
ficient to enable the model to proactively invoke
retrieved knowledge when its internal parameters
cannot answer correctly, e.g., 0.05.

Table 6: The ablation results of 7/, threshold.

r;rb NQ HotpotQA Avg
Easy Hard Easy Hard
04 (EM) 71.70 30.86 69.14 21.09 48.20
RT 098 1.00 104 115 1.04
0.8 (EM) 71.88 31.84 6797 19.73 47.86
RT 1.01 103 105 111 1.05
0.6 (EM) 7246 31.44 69.92 20.11 48.48
RT 1.00 1.02 1.04 1.13 1.05

F.2 The effects of dataset difficulty

We show the fine-grained ablation results of the
training datasets in Table 7. As can be seen from
the table below, more leads to more search be-
havior, while more results in less search behav-
ior. However, under the 1:1 setting, the model
achieves better performance with a moderate num-
ber of searches.

Table 7: The ablation results of Qprarq : Qeasy ratio.

Qhard : Qeasy NQ HOtPOtQA AVg
Easy Hard Easy Hard
7:3 (EM) 66.41 31.84 62.89 21.88 45.76
RT 1.01 1.04 121 1.34  1.15
3:7 (EM) 68.36  30.86 64.45 20.51 46.05
RT 074 086 096 1.04 090
1:1 (EM) 72.46 3144 6992 20.11 4848
RT 1.00 1.02 1.04 1.13 1.05

G Additional Experiments

We produce additional experiment results based on
Qwen-2.5-Instruct.

G.1 Comparison with self-aware RAG
methods

We show the experiment results is Table 8. The
superior performance of IKEA compared to self-
aware RAG methods can be attributed to two fun-
damental differences in methodology:

vs. SKR (static classifier): Methods like SKR
typically rely on training an auxiliary classifier
to decide when to retrieve. These classifiers are
often decoupled from the generator’s actual rea-
soning process. In contrast, IKEA utilizes On-
line RL to internalize this decision. By optimizing
the Knowledge-Boundary Aware Reward directly,
IKEA learns a policy that is dynamically aligned
with its own parametric uncertainty, rather than
relying on a static, external proxy.

vs. Self-RAG: Self-RAG relies on learning spe-
cial "reflection tokens" primarily through SFT on
offline data constructed by a critic model. While ef-
fective, this is essentially distinct from the model’s
own run-time confidence. IKEA, however, is
trained via Reinforcement Learning with a reward
function that explicitly penalizes redundant re-
trieval. This forces the model to explore and dis-
cover its true knowledge boundary to maximize the
reward, rather than merely imitating the labels of
an external critic.

In summary, IKEA achieves a more synergistic
integration of internal and external knowledge by
treating retrieval decision as an integral part of
the reasoning chain optimized for the final answer
correctness and efficiency.

Table 8: The comparison results of self-aware RAG
methods.

Method NQ PopQA HotpotQA 2Wiki
Easy Hard Easy Hard Easy Hard Easy Hard
SKR 4746 20.12 59.77 3145 5195 7.81 4843 9.57
Self-RAG  54.69 2598 6797 21.88 61.72 16.02 5293 11.72
IKEA 7246 3144 79.69 3359 69.92 20.11 59.37 20.70

G.2 Performance of More Datasets

We provide additional experiments on extra
datasets in Table 9 to show the generalization per-
formance.
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Figure 3: The training dynamics of different reward design. We show the curve of number of valid searches,
response length and training rewards.
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Figure 4: The training dynamics of different the difficulty of training datasets. We show the curve of number of
valid searches, response length and trainign rewards.

Table 9: The comparison results on out-of-domain
datasets.

TriviaQA Musique
Easy Hard Easy Hard
Search-R1 (EM) 71.09 21.88 29.69 2.34 31.25

Model Avg

RT 072 1.00 150 1.89 1.28
IKEA (EM) 82.03 29.69 50.00 5.47 41.80
RT 1.00 1.03 1.16 128 1.12
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Table 10: Overall performance based on Qwen2.5-3B(-Instruct) and Qwen2.5-7B(-Instruct). This table shows the
average performance of two subsets of each dataset.

Method NQ PopQA HotpotQA 2Wiki Avg

EM RT EM RT EM RT EM RT EM RT
Qwen2.5-3B
w/o parameter update (re-implementation)
Direct 2012 0 2930 O 2598 0 3135 O 26.69 0.00
RAG 45.12 1 4990 1 34.09 1 26.37 1 38.87 1.00
Iter-Retgen 4492 4 5068 4 3594 4 2842 4 39.99 4.00
IR-COT 25.39 330 3643 3.16 26.57 3.62 1729 3.76 26.42 3.46
FLARE 1953 0.31 2832 035 25.10 0.39 30.57 0.18 25.88 0.31
Reinforcement learning (re-implementation for Search-R1)
R1-Zero 3645 0 3819 0 3203 0 3525 O 35.48 0.00
R1 3350 0 3662 0 308 0 3574 O 34.18 0.00
Search-R1-Zero™  47.56 - 52.83 - 39.06 - 33.01 - 43.11 -
Search-R1 4951 1.24 5146 138 4375 1.87 3887 2.08 45.90 1.64
IKEA-Zero 5274 1.00 5742 1.01 45.02 1.10 39.16 1.29 48.58 (+5.47) 1.10
IKEA 5195 1.01 56.64 1.01 45.02 1.09 40.04 1.18 48.41 (+2.51) 1.07 (—34.76%)
Qwen2.5-7B
w/o parameter update (re-implementation)
Direct 2286 0 3174 0 2940 0 3145 O 28.86 0.00
RAG 41.80 1 50.69 1 38.38 1 26.08 1 39.23 1.00
Iter-Retgen 4287 4 5108 4 4063 4 2891 4 40.87 4.00
IR-COT 27.15 2.64 4238 252 30.18 3.02 15.04 3.13 28.69 2.82
FLARE 2246 022 31.55 039 2852 023 3135 0.19 28.47 0.26
SFT/DPO (results from the original paper, shown as EM/RT)
DeepRAG - 40.60/ 32.10/ 40.40/ - -
Reinforcement learning
R1-Zero 4102 0 3945 0 3516 0 3574 O 37.84 0.00
R1 3828 0 3916 0 3477 0 3584 O 37.01 0.00
Search-R1-Zero 52.05 127 5498 123 4776 1.78 36.62 226 47.85 1.63
Search-R1 49.52 143 5538 1.38 46.10 2.04 29.01 2.57 45.00 1.85
IKEA-Zero 56.35 1.00 56.84 1.00 48.83 1.05 4238 1.13 51.10(+3.25) 1.04(—36.20%)
IKEA 5342 0.74 5596 0.83 4922 090 41.60 1.16 50.05 (+5.05) 0.91(—50.81%)
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H Case Studies @

( Case Study 1: Avoiding Invalid Retrieval \

Question: Identify the American comedian
born on March 21, 1962, who appeared in
the movie “Sleepless in Seattle”.

Ground Truth: Rosie O’Donnell

Trajectories (some content omitted due to
context limit)

R1: <think> Let’s think through this step by
step: 1. The question asks about an Ameri-
can comedian born on March 21, 1962, who
appeared in the movie “Sleepless in Seattle”.
2. The movie “Sleepless in Seattle” was re-
leased in 1993. 3. Some of the main cast
members of the movie include Tom Hanks,
Meg Ryan, and Sally Field. 4. Among
these actors, the only comedian who was ac-
tive in the 1990s and matches the birth year
of 1962 is Billy Crystal. 5. Billy Crystal
is an American comedian who was indeed
active in the 1990s and matches the birth
date given. </think> <answer> Billy Crys-
tal </answer>

Search-R1:

<think> To answer this question, I need to
identify an American comedian born on
March 21, 1962, who appeared in the movie
“Sleepless in Seattle”. I don’t immediately
recall this specific information, so I will
need to search for it. </think>

<search> American comedian born on
March 21, 1962, appeared in Sleepless in
Seattle </search>

<context>Doc 1(Title: “Sleepless in Seat-
tle””) (content omitted) Doc 2(Title: “Mike
Birbiglia”) (content omitted) Doc 3(Title:
“Dave Attell””) (content omitted) </context>

... (the last two turn are exact the same as
this turn)

IKEA:

<think> I need to identify the American co-
median born on March 21, 1962, who ap-
peared in the movie “Sleepless in Seattle”.
This requires specific information about the
cast of the movie and the birth date of the
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<search> American comedian born on
March 21, 1962, appeared in the movie
“Sleepless in Seattle” </search>
<context>Doc 1(Title: “Sleepless in Seat-
tle”) (content omitted)Doc 2(Title: “Ross
Malinger””) (content omitted)Doc 3(Ti-
tle: “Ross Malinger”) (content omit-
ted)</context>

<think> Ross Malinger was born on July
7, 1984, not March 21, 1962. The correct
comedian is Billy Crystal, but Billy Crystal
was not born on March 21, 1962. The cor-
rect comedian is actually Rosie O’Donnell,
who was born on March 21, 1962, and ap-
peared in the movie “Sleepless in Seattle”.
</think>

<answer> Rosie O’Donnell </answer>

Analysis

R1’s Behavior (Incorrect):

* The model incorrectly identifies Billy
Crystal as the answer, resulting in a fac-
tual hallucination.

Search-R1’s Behavior (Incorrect):

* The model fails to find the correct answer
even after multiple searches. The first
search was effective and contained the en-
tity “Rosie O’Donnell” but not her birth-
day, which prompted further searches.

* Subsequently, the model failed to decom-
pose the task and repeatedly generated
the same ineffective query. The reasoning
process terminated after hitting the search
limit, leading to its inability to provide
the correct answer.

IKEA’s Behavior (Correct):

» IKEA generates a search query and ul-
timately identifies the correct answer as
Rosie O’Donnell. The first search con-
tains the entity “Rosie O’Donnell” but
not her birthday.

 In its subsequent reasoning process, it
first eliminates Ross Malinger and Billy
Crystal for not matching the birth date.
It then confirms that Rosie O’Donnell is
the American comedian born on March
21, 1962, who appeared in “Sleepless in
Seattle”, satisfying all conditions. This
demonstrates a classic example of syn-

\ comedian. </think> ) \




ergistic reasoning between internal and
external knowledge.

(Case Study 2: Aveoiding Conflict Re-\

trieval

Question: Identify the founder of the team
Brad Budde played for, which was founded
in 1960 as the Dallas Texans.
Ground Truth: Lamar Hunt

Trajectories (some content omitted due to
context limit)

R1: <think> Let’s think through this step
by step: 1. Identify the team: Brad Budde
played for the Kansas City Chiefs. The
Kansas City Chiefs were previously known
as the Dallas Texans. 2. Determine the
founding year: The Dallas Texans were
founded in 1960. 3. Identify the founder:
The Dallas Texans were founded by Lamar
Hunt. </think> <answer> Lamar Hunt </an-
swer>",

Search-R1: <think> I need to find out
who founded the Dallas Texans in 1960.
</think>
<search> who founded the Dallas Texans in
1960 </search>
<context>Doc 1(Title: “Dallas Texans
(NFL)”) (content omitted) Doc 2(Title:
“Tex Schramm”) (content omitted) Doc 3(Ti-
tle: “History of the Dallas Cowboys”) (con-
tent omitted)</context>
From the information provided, it seems
Lamar Hunt founded the Dallas Texans
in 1960 as part of the American Football
League (AFL). However, the Dallas Cow-
boys were established in the same year as
an NFL team. The key detail I need to
confirm is the specific person who founded
the Dallas Cowboys in 1960, which is Tex
Schramm.
<search> Tex Schramm founded Dallas
Cowboys </search>
<context>Doc 1(Title: “Tex Schramm”)
(content omitted) Doc 2(Title: “Tex
Schramm”) (content omitted) Doc 3(Title:
K“Tex Schramm’) (content omitted)

s

<answer> Tex Schramm </answer>

IKEA: <think> I need to identify the team
that Brad Budde played for, which was
founded in 1960 as the Dallas Texans. Then
I need to find out who founded this team.
</think>

<search> Brad Budde NFL team founded
1960 Dallas Texans </search>
<context>Doc 1(Title: “1960 Dallas Tex-
ans season’) (content omitted) Doc 2(Title:
“Dallas Texans (NFL)”) (content omitted)
Doc 3(Title: “Kansas City Chiefs’) (con-
tent omitted) </context>

<think> Based on the information gathered,
the Dallas Texans were founded in 1960 by
Lamar Hunt. </think>

<answer> Lamar Hunt </answer>,

Analysis

R1’s Behavior (Correct):

* The model’s reasoning process is clear
and correct. It first identifies that Brad
Budde played for the Kansas City Chiefs,
whose predecessor was the Dallas Texans,
founded in 1960. It correctly concludes
that the founder was Lamar Hunt.

Search-R1’s Behavior (Incorrect):

* The model’s error lies in confusing the
Dallas Texans with the Dallas Cowboys.

 Although it retrieved some information
about the Dallas Cowboys and their re-
lated figure, Tex Schramm, this was irrel-
evant to the question. Search-R1 retrieved
seemingly relevant but actually unrelated
information, which misled the model’s
reasoning and overrode its originally cor-
rect parametric knowledge.

IKEA’s Behavior (Correct):

* The model’s solution is correct. Through
a better search query, it clearly identified
that the predecessor of Brad Budde’s team
was the Dallas Texans, founded in 1960
by Lamar Hunt.

» The reasoning is accurate, and the answer
is correct. By using a better search query,
IKEA retrieved more relevant information
and avoided the interference of conflicting

J

\ information.

\

J
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