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Abstract

Agentic search augments large language mod-
els (LLMs) with external knowledge through
reinforcement learning. However, existing ap-
proaches suffer from blind reliance on noisy
retrieval and hallucination when both para-
metric and external knowledge fail—reflecting
a lack of calibration regarding the model’s
knowledge boundary. We propose Knowledge
boundary Policy Optimization (KbPO), a re-
inforcement learning framework that explic-
itly aligns retrieval decisions with quantified
knowledge states. KbPO introduces: (1) a
semantic stability metric to delineate reliable
parametric knowledge; (2) a four-quadrant tax-
onomy synthesising internal certainty with re-
trieval quality; and (3) a quadrant-based reward
mechanism incentivising calibrated behaviour.
We further adopt an iterative query evolution
pipeline to construct boundary-probing train-
ing samples. Experiments on ten benchmarks
demonstrate that KbPO outperforms strong
baselines while exhibiting reduced hallucina-
tion rates. Code is available at https://
github.com/jiangxinke/Agentic-RAG-R1.

1 Introduction

Large Language Models (LLMs) have fundamen-
tally transformed general-purpose reasoning, es-
tablishing themselves as a central paradigm in
modern natural language processing (NLP) (Yang
et al., 2024b; Kaplan et al., 2020; Yang et al.,
2024a). Despite their remarkable capabilities, how-
ever, LLMs remain susceptible to factual errors
(Ji et al., 2023; Cao et al., 2020), knowledge ob-
solescence (He et al., 2022), and limited domain-
specific expertise (Kandpal et al., 2023). These lim-
itations stem from the static nature of parametric
memory and frequently manifest as hallucinations
and outdated responses (Huang et al., 2025a). To
mitigate these, Retrieval-Augmented Generation
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The CEO of the the Starship is ?

[Wiki: SpaceX] SpaceX designs... 
founded by Elon Musk...

Which American rock band released 
the 2008 album 'Fleet Foxes'?

[Wiki: Fleet Foxes (album)] Fleet 
Foxes...the American indie folk band 
Fleet Foxes..

Who was the cinematographer for the 
1998 Estonian obscure short film 
'Kallis härra Q'?

Both Unavailable, Reject

Who wrote the fantasy novel series 
'Harry Potter'?

[Wiki:Harry Potter (character)] Harry 
Potter is a fictional character...

[Irrelevant Retrieved Context]  

Figure 1: Four-quadrant cognitive taxonomy for
retrieval-augmented agents. Based on internal knowl-
edge availability and external retrieval quality, agents
should: integrate both sources when available , rely on
retrieval when internal knowledge is insufficient , use
internal knowledge when retrieval fails , or refuse to
answer when both are unavailable .

(RAG) has emerged as a promising paradigm by
grounding model outputs in external knowledge
sources, thereby improving factual accuracy and
adaptability (Edge et al., 2024; Asai et al., 2024a;
Lewis et al., 2020; Guu et al., 2020).

In parallel with the recent advances in test-time
scaling (Brown et al., 2024), a growing body of
work has explored multi-step reasoning and search
frameworks that enable models to iteratively re-
fine their decisions at inference time (Wei et al.,
2023). Recent approaches such as Self-RAG (Asai
et al., 2024b) and CRAG (Yan et al., 2024) incor-
porate iterative feedback mechanisms, but largely
rely on fixed, hard-coded execution graphs, which
constrain flexibility and limit their applicability
to open-ended problem solving. As a result, the
field has undergone a paradigm shift toward Agen-
tic Search (Yao et al., 2022; Nakano et al., 2021;
Singh et al., 2025; Jiang* et al., 2024, 2025b),
where reasoning and retrieval are formulated as
a dynamic reasoning-searching process. In this
paradigm, the model autonomously orchestrates
queries, evaluates intermediate trajectories, and
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adaptively refines its strategy through inference-
time planning (Sun et al., 2023; Jin et al., 2025;
Dong et al., 2025b,a).

However, the efficacy of such dynamic search
processes is not guaranteed. Even sophisticated
agents remain susceptible to factual errors (Ji
et al., 2023) and knowledge obsolescence(He et al.,
2022). While leveraging external knowledge (Lin
et al., 2025b) offers a remedy, the effectiveness of
RAG fundamentally depends on recognizing the
knowledge boundary—the frontier beyond which
parametric memory becomes unreliable.

Figure 1 illustrates a four-quadrant cognitive tax-
onomy defined by this interaction. For queries
where both sources align, such as determining the
birth country of the CEO behind Starship, the agent
should integrate both sources to reinforce its in-
ternal knowledge of Elon Musk. In cases where
parametric memory is insufficient—e.g., identify-
ing the specific band behind the 2008 album “Fleet
Foxes”—the model must strictly rely on retrieval
to bridge the gap. Crucially, the risk of blind re-
liance appears when retrieval is noisy: for “Who
wrote Harry Potter?”, retrieved documents might
distractingly focus on actor Daniel Radcliffe; here,
the model must discern the noise and use internal
knowledge of J.K. Rowling. Finally, for double-
unknown cases involving obscure entities like the
cinematographer of the 1998 Estonian film “Kallis
härra Q”, the absence of support demands that the
agent refuse to answer to prevent hallucination.

This raises a fundamental question: How can we
align the model’s internal knowledge boundaries
with external retrieval reliability?

To address this alignment challenge, recent re-
search has pivoted towards explicitly engineering
the synergy between internal parametric knowledge
and external retrieval. From an inference-time per-
spective, training-free approaches like CK-PLUG
(Bi et al., 2025) introduce dynamic interventions to
re-weight prediction distributions based on entropy
shifts, aiming to mitigate contextual interference
without model adaptation. Concurrently, learning-
based frameworks such as Knowledgeable-R1 (Lin
et al., 2025a) and IKEA (Huang et al., 2025b) have
integrated knowledge-boundary awareness into re-
inforcement learning. By optimizing policies to
resist context dominance or penalize redundant
queries, these methods foster agents that are more
robust to noise and efficient in information seek-
ing. Nevertheless, existing inference-time and RL-
based approaches still lack fine-grained modeling

of the collaborative dynamics between reasoning
and retrieval, as they primarily rely on heuristic
entropy proxies lacking semantic stability or opti-
mize for coarse-grained objectives without disen-
tangling parametric reliability from retrieval qual-
ity; explicitly enforcing consistency between inter-
nal confidence and external reliance is crucial for
making calibrated decisions based on legitimate
knowledge boundaries. This limitation motivates
our approach: we propose a Knowledge Bound-
ary Policy Optimization (KbPO) framework that
enables fine-grained, process-level alignment be-
tween parametric confidence and external retrieval.
Nevertheless, effectively designing such a frame-
work remains the following challenges:

Challenge 1: Severe Hallucinations and Re-
ward Ambiguity.In complex reasoning tasks, gen-
eration trajectories are inherently stochastic and
prone to hallucinations, where models often fab-
ricate non-existent facts or logic to bridge reason-
ing gaps. A critical pathology is reward hacking,
where agents arrive at correct final answers through
hallucinated rationales or "lucky guesses"—a phe-
nomenon known as spurious correctness (Shihab
et al., 2025). This issue is particularly acute yet
underexplored in long-horizon reasoning: outcome-
based rewards are too sparse to penalize intermedi-
ate fabrications, effectively "blinding" the optimiza-
tion process to the distinction between rigorous
deduction and stochastic hallucination.

Challenge 2:The Calibration Gap between In-
ternal and External Knowledge. Even when rea-
soning is sound, a fundamental dissonance per-
sists between the model’s pre-trained priors and
retrieved information. Instead of a coherent synthe-
sis, the decision process often suffers from unstable
boundaries: the model may exhibit "blind reliance"
on noisy retrieval when it should be confident, or
conversely, "stubbornness" when it lacks knowl-
edge (Huang et al., 2025b). This is not merely a
policy flaw but a representation failure: without
explicitly quantifying the certainty frontier of its
parametric memory, the system lacks the necessary
scalar signals to dynamically weigh internal beliefs
against external evidence.

To address these challenges, we propose KbPO,
a fine-grained reinforcement learning framework
for calibration-aware agentic search via Group Rel-
ative Policy Optimization. In implementation, we
design a hybrid reward mechanism: an outcome
reward at the response level based on correctness,
and a consistency reward at the process level that
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Figure 2: Overview of the KbPO framework. Top: The data synthesis pipeline constructs boundary-aware training
samples by quantifying parametric certainty (µ) to classify queries into Known and Unknown sets. Bottom: The
optimization phase leverages a boundary-consistent reward mechanism. It aligns agent behaviors (Search, Answer,
Refuse) with the dynamic knowledge boundary defined by internal certainty and retrieval quality, using group-
normalized advantages to stabilize policy updates.

captures the alignment between parametric confi-
dence and retrieval necessity. To compute process
rewards, we formalize the decision-making pro-
cess as a boundary calibration problem. We em-
ploy semantic stability metrics to rigorously delimit
the agent’s internal knowledge boundary, and syn-
thesize these with external retrieval evaluations to
construct a four-quadrant cognitive taxonomy. We
leverage this taxonomy to assign quadrant-based
alignment scores as process rewards, incentivizing
consistency between internal belief and external
inquiry. To circumvent the reward ambiguity inher-
ent in sparse long-horizon supervision, we adopt an
Iterative Query Evolution pipeline to dynamically
synthesize complex reasoning trajectories, trans-
forming static QA pairs into a rigorous testbed for
boundary calibration. In summary, our contribu-
tions are as follows:

• We propose KbPO, a framework that introduces
knowledge boundary quantification to align agen-
tic search behaviors with intrinsic parametric con-
fidence, enabling precise calibration of retrieval
necessity.

• We design a quadrant-based consistency reward
mechanism and an iterative query evolution
pipeline to mitigate reward ambiguity, address-
ing the issue of spurious correctness in outcome-
driven reasoning.

• Extensive experiments demonstrate that KbPO
achieves state-of-the-art performance across di-
verse benchmarks, fostering safer response gener-
ation and precise behavioral alignment with the
four knowledge quadrants compared to strong
baselines.

2 Related Work

Reinforcement Learning for Agentic Search.
The optimization of LLM-based agents (Jiang*
et al., 2025a; Zhang et al., 2026; Liu et al., 2026)
has evolved from trajectory-level alignment to fine-
grained process monitoring. Early RL-based frame-
works, such as Search-R1 (Jin et al., 2025) and
Search-o1 (Li et al., 2025), predominantly utilize
trajectory-level algorithms like GRPO (Shao et al.,
2024) to optimize the final answer correctness. To
overcome the limitations of sparse rewards in long-
horizon reasoning, recent works like ARPO (Dong
et al., 2025b) introduce entropy-based adaptive roll-
out mechanisms. By monitoring token-level en-
tropy shifts after tool interactions, these methods
efficiently explore the branching space of tool-use
behaviors. While these approaches improve the
efficiency of exploration, they treat the model’s
internal confidence as a heuristic proxy for uncer-
tainty rather than a calibrated boundary for external
reliance.
Knowledge Boundary Alignment.Current re-
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search on knowledge boundaries fundamentally
bifurcates into post-hoc detection and coarse-
grained alignment. Detection frameworks, such
as SelfCheckGPT (Manakul et al., 2023), leverage
stochastic sampling to offer fine-grained identifica-
tion but remain computationally static and decou-
pled from the generation policy. Conversely, align-
ment approaches attempt to integrate boundary
awareness into training via Refusal-Aware Instruc-
tion Tuning (RAIT) (Zhang et al., 2024a; Huang
et al., 2025b; Zhu* et al., 2025). However, these
methods typically rely on coarse-grained supervi-
sion signals that fail to disentangle parametric cer-
tainty from retrieval necessity. Recent studies like
CRaFT (Zhu et al., 2025) further reveal that such
rigid supervision induces static and dynamic con-
flicts—where the fixed refusal labels clash with
similar samples in the feature space or the model’s
evolving knowledge states—ultimately leading to
calibration failures such as over-refusal.

3 Method

As illustrated in Figure 2, the framework operates
as a pipeline: (1) Data Synthesis Pipeline first
generates complex queries to actively probe the
model’s capability limits; (2) Boundary Quantifi-
cation module subsequently evaluates the model
on these specific samples to capture its paramet-
ric certainty and explicitly define the knowledge
boundary; and (3) KbPO Algorithm leverages these
captured boundary signals to guide reinforcement
learning, optimizing the agent’s behaviors to align
with the dynamic interplay between internal knowl-
edge and external retrieval.

3.1 Data Synthesis Pipeline

Existing QA benchmarks predominantly consist of
single-turn queries answerable through one-shot re-
trieval, which inadequately prepares agents for real-
world scenarios requiring sustained multi-step rea-
soning with iterative tool interactions. To address
this limitation, we adopt the iterative data synthesis
pipeline inspired by Gao et al. (2025), which trans-
forms simple QA pairs into long-horizon reasoning
problems through two complementary evolution
operators.

Data Augmentation. To construct high-
complexity reasoning trajectories, we initialize
with a seed corpus D0 = {(q, a,F)}, where
each sample consists of a query q, a ground-truth
answer a, and a supporting fact set F . We employ

an iterative evolution strategy utilizing two distinct
operators to progressively escalate reasoning
depth:

• Fact Injection (Oinj): Targeting a specific entity
e ∈ q, we retrieve a relevant external fact fnew
and reformulate the query to necessitate multi-
hop inference. This process updates both the
query and the evidence set:

(q′,F ′) = Oinj(q,F , e),where F ′ = F ∪ {fnew} (1)

• Information Fuzzing (Ofuzz): We replace ex-
plicit constraints c with underspecified descrip-
tions c̃, inducing ambiguity that compels the
agent to perform exploratory searches for clarifi-
cation:

q′ = Ofuzz(q, c → c̃) (2)

These operators are applied recursively for T
rounds, yielding a dataset that demands extensive
tool interaction and long-horizon planning.

Quality Verification. Adopting the rigorous fil-
tration protocol from Gao et al. (2025), each aug-
mented sample undergoes a multi-stage validation
process to ensure: (1) semantic validity; (2) suffi-
cient reasoning difficulty; and (3) answer unique-
ness. The resulting dataset DT serves as a robust
benchmark for evaluating boundary-aware agentic
behaviors.

3.2 Knowledge Boundary Quantification
The parametric knowledge boundary is character-
ized by a distinct degradation in both factual ac-
curacy and semantic coherence (Zhu et al., 2025).
Within this boundary, the model exhibits consistent
correctness; beyond it, hallucinations manifest as
stochastic variance. We operationalize this intu-
ition via two complementary metrics.

Probing Protocol. For a specific query q, we
sample N independent responses {yi}Ni=1 using the
frozen LLM parameters without external retrieval.
We then derive:

• Parametric Certainty (µ): This metric approx-
imates factual correctness by aggregating the
match rate against the ground truth G:

µ(q) =
1

N

N∑

i=1

⊮ [Match(yi,G)] (3)

• Semantic Stability (σ): This metric quantifies
internal consistency by computing the average
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pairwise cosine similarity of response embed-
dings:

σ(q) =
2

N(N − 1)

∑

1≤i<j≤N

cos (Enc(yi),Enc(yj))

(4)

Curating Supervision Signals. Partitioning by
correctness alone induces static conflicts—similar
queries receiving contradictory supervision. We
mitigate this by first partitioning via threshold τµ
into Dknown and Dunknown (Zhu* et al., 2025), then
using σ as a secondary filter: prioritizing high-σ
samples from Dknown (unambiguous knowledge)
and low-σ samples from Dunknown (clear knowl-
edge gaps). This yields maximally separable super-
vision for boundary-aware learning.

3.3 Calibration-Aware Policy Optimization
Building upon the quantified knowledge bound-
ary, we propose KbPO to align the agent’s reason-
ing strategies with its calibrated knowledge state.
We leverage Group Relative Policy Optimization
(GRPO) as our backbone algorithm, which enables
efficient policy learning over grouped rollouts with-
out the computational overhead of a separate value
network.

Rollout and Action Space. Given a query q, the
policy πθ interacts with the retrieval environment to
generate a reasoning trajectory. We define a struc-
tured action space comprising distinct functional
tags: <search> for query formulation, <info> for
context extraction, <summary> for synthesis, and
<answer> for the final response. Each action is
modeled as a parseable span within the generated
sequence.

Token-Level Reward Construction. For each
rollout oi of length T , we construct a composite
token-level reward signal that integrates outcome
correctness with process-level guidance:

ri,t = ⊮[t = T ] · rout
i + λ · rproc

i,t , (5)

where λ is a hyperparameter balancing the two
terms. The outcome reward rout

i is assigned at the
terminal token based on evaluation metrics (e.g., F1
score). The process reward r

proc
i,t provides sparse,

event-based shaping by assigning signals to the
ending tokens of executed action spans.

Boundary-Consistent Alignment Reward. A
pivotal component of KbPO is the alignment re-
ward, which enforces congruence between the

agent’s behavior and its knowledge-grounded situa-
tion. We define the knowledge state via two binary
indicators:

s = ⊮[ρ̂ ≥ τρ], k = ⊮[µ ≥ τµ], (6)

where ρ̂ denotes external retrieval quality and µ rep-
resents parametric certainty (Sec. 3.2). The tuple
(s, k) partitions queries into four quadrants, each
prescribing an optimal strategy c∗ (Xu* et al., 2025;
Zhang et al., 2024b):

c∗(s, k) =





Integrated s=1, k=1 (synergize)
External s=1, k=0 (rely on RAG)
Refusal s=0, k=0 (abstain)
Internal s=0, k=1 (trust memory)

(7)

We utilize an automated judge to classify the
agent’s actual behavior ĉ (derived from the
<summary> span) into one of these categories. The
alignment reward is then computed as:

ralign =

{
+α if ĉ = c∗(s, k)

−α otherwise,
(8)

where α modulates the magnitude of the behavioral
penalty/bonus.

Optimization Objective. For each query q, the
policy generates a group of G rollouts {oi}Gi=1. We
compute the cumulative return Ri =

∑T
t=1 ri,t

and derive the group-normalized advantage Âi =
Ri−mean(R)

std(R) . The policy is optimized by maximiz-
ing the following objective:

J (θ) = Eq∼D

[
1

G

G∑

i=1

(
min

(
ρiÂi, clip(ρi, 1±ϵ)Âi

)

− βDKL(πθ∥πref)
)]

,

(9)

where ρi =
πθ(oi|q)
πθold (oi|q)

is the importance sampling
ratio, ϵ is the clipping threshold, and β controls the
KL divergence penalty against the reference policy
πref.

4 Experiments

4.1 Experimental Setup
Datasets. We construct our training set using
the data synthesis pipeline (Section 3.1) based
on HotpotQA (Yang et al., 2018) and 2Wiki-
MultiHopQA (Ho et al., 2020). For evalua-
tion, we use 9 benchmarks spanning three cate-
gories: (1) Multi-hop QA: HotpotQA, 2WikiMulti-
HopQA, MuSiQue (Trivedi et al., 2022), and Bam-
boogle (Press et al., 2023); (2) Open-domain QA:
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Method In-Domain Out-of-Domain Avg
Paradigm Approach 2Wiki HotpotQA Bamboogle FRAMES GAIA MusiQue NQ PopQA TriviaQA Avg

Qwen2.5-1.5B

No RAG Base 78.05 79.80 94.13 90.49 95.27 91.74 88.69 88.37 67.19 85.97
COT 83.25 82.10 80.26 91.57 94.81 92.78 90.18 90.11 74.83 86.65

Naive RAG FS-RAG 78.63 73.45 84.69 88.60 97.04 90.50 82.26 67.51 55.27 79.77
FL-RAG 73.92 71.86 85.16 87.42 98.46 89.70 78.06 65.27 51.41 77.92

Agentic RAG
ReACT 87.57 76.52 87.46 91.37 97.92 92.01 78.94 75.42 66.09 83.70
IRCOT 78.21 73.32 82.51 90.68 95.93 91.27 77.07 67.04 55.81 79.09
TCRAG 74.77 77.71 88.37 83.73 95.75 92.10 85.79 84.14 65.95 83.15

RL-based
Agentic RAG

ReSearch 74.45 69.55 77.84 90.79 92.12 90.46 70.93 65.92 55.35 76.38
Search-R1 73.49 79.34 86.20 90.35 94.44 91.64 88.07 89.77 74.24 85.28
AEPO 82.66 85.25 88.42 91.02 94.98 92.89 90.45 91.17 76.98 88.20
ARPO 79.98 84.52 87.62 90.89 94.90 93.84 90.81 90.51 76.04 87.68
Mem1 85.57 85.66 87.97 91.82 95.82 93.92 81.59 90.15 77.94 87.83
Ours‡ 75.80 64.90 74.30 69.80 82.50 68.60 74.70 78.40 47.20 70.69

Qwen2.5-3B

No RAG Base 76.02 75.92 90.55 91.99 94.30 90.30 85.73 87.89 61.16 83.76
COT 81.10 76.18 79.20 92.84 92.98 89.53 83.47 88.63 60.38 82.70

Naive RAG FS-RAG 84.53 74.15 89.52 89.58 95.70 92.36 80.16 69.59 54.62 81.13
FL-RAG 83.20 73.22 88.95 90.81 98.42 92.71 78.07 66.53 51.50 80.38

Agentic RAG
ReACT 74.91 65.63 75.14 89.47 95.22 86.08 72.81 63.53 53.96 75.19
IRCOT 84.11 75.50 74.73 93.21 97.23 87.57 72.14 64.98 50.81 77.81
TCRAG 71.53 78.06 82.41 92.31 94.47 91.01 79.26 82.31 49.54 80.10

RL-based
Agentic RAG

ReSearch 72.77 66.04 84.91 90.00 95.52 90.53 65.39 64.03 46.07 75.03
Search-R1 70.10 62.76 70.10 89.24 95.32 86.47 65.27 65.76 44.92 72.22
AEPO 76.99 71.29 77.91 87.74 94.99 88.30 73.24 70.52 52.22 77.02
ARPO 70.45 63.52 72.68 86.51 92.29 86.62 66.71 66.56 46.34 72.41
Mem1 81.94 79.85 94.81 95.01 97.53 95.53 80.82 83.29 66.91 86.19
Ours‡ 70.50 57.60 68.10 62.60 77.20 61.40 68.50 73.10 39.90 64.32

Qwen2.5-7B

No RAG Base 74.59 73.37 82.14 87.48 95.71 87.85 80.28 85.21 50.92 79.73
COT 76.45 70.90 62.44 82.40 93.83 85.65 77.53 84.93 50.67 76.09

Naive RAG FS-RAG 82.29 70.79 83.14 87.48 94.98 89.26 83.18 81.06 64.98 81.91
FL-RAG 80.22 65.58 75.90 87.90 95.40 87.54 80.28 74.72 57.34 78.32

Agentic RAG
ReACT 72.49 57.19 72.37 84.71 93.63 80.66 69.99 63.71 45.45 71.13
IRCOT 63.55 73.71 78.10 93.22 94.50 91.61 80.37 65.86 50.57 76.83
TCRAG 70.30 59.17 74.87 83.54 91.79 82.44 70.99 62.83 45.22 71.24

RL-based
Agentic RAG

ReSearch 69.97 69.61 69.58 84.39 95.57 87.42 76.31 82.09 51.75 76.30
Search-R1 64.97 61.11 57.96 81.99 89.92 80.92 70.41 72.53 44.09 69.32
AEPO 80.12 86.15 86.76 92.76 97.35 94.15 90.07 90.05 82.47 88.88
ARPO 69.29 74.80 67.06 87.82 91.44 87.29 82.20 86.38 59.84 78.46
Mem1 74.71 70.02 63.50 85.85 93.50 85.87 73.62 74.20 48.96 74.47
Ours‡ 65.20 51.80 61.50 56.30 71.90 54.70 62.30 67.80 32.60 57.99

Table 1: Comparison of Failure Rate (%) (Lower is Better) on multi-hop benchmarks. Values are calculated as
100− Score. Score = F1 + Correct Refusal Rate, effectively effectively representing the Unreliability Rate.

NQ (Kwiatkowski et al., 2019), TriviaQA (Joshi
et al., 2017), and PopQA (Mallen et al., 2023);
(3) Agentic reasoning: FRAMES (Krishna et al.,
2025), GAIA (Mialon et al., 2023).

Models and Retrieval. We use Qwen2.5 (Yang
et al., 2024b) at three scales (1.5B, 3B, 7B) as
backbone models. For retrieval, we use E5 (Wang
et al., 2022) as the dense retriever over the 2018
Wikipedia dump (Karpukhin et al., 2020), retriev-
ing top-3 passages per query.

Training. We implement KbPO based on the
VERL framework with GRPO as the optimizer.
For each query, the policy generates G=5 rollouts
with batch size 128 and 8 rollouts per batch. We
train for 300 steps with learning rate 1×10−6, KL

coefficient β=0.001, and process reward weight
λ=0.2. The knowledge boundary thresholds are
set to τρ=0.5 and τµ=0.6. The agent operates in
multi-turn mode with maximum 2 search iterations
per query.

Baselines. We compare against three categories
of methods: (1) Standard RAG: Naive RAG (Lewis
et al., 2020), FS-RAG(Trivedi et al., 2023), and
FLARE (Jiang et al., 2023); (2) Agentic RAG: Re-
Act (Yao et al., 2023), IRCoT (Trivedi et al., 2023),
Self-RAG (Asai et al., 2024b), and CRAG (Yan
et al., 2024); (3) RL-based Agents: Search-
R1 (Jin et al., 2025), ARPO (Dong et al., 2025b),
AEPO (Dong et al., 2025a), and MEM1 (Zhou
et al., 2025).
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Evaluation. Evaluation Metrics. We assess per-
formance on two dimensions: (1) Task Utility: F1
scores (2) Alignment Gap: We define Unrelia-
bility Rate = 1− (F1 + Refusal Rate) to quantify
"unsafe" behaviors where the agent neither answers
correctly nor refuses faithfully. Here, Refusal Rate
denotes the proportion of responses where the LLM
explicitly generates a refusal.

4.2 Main Results
Table 1 presents the Failure Rate across all bench-
marks, where lower values indicate better reliabil-
ity (correct answers or appropriate refusals). We
highlight several key findings.

Overall Performance. KbPO consistently
achieves the lowest failure rate across all model
scales. On Qwen2.5-7B, KbPO obtains 57.99%,
outperforming Search-R1 (69.32%) by 11.33%.
Similar improvements hold at smaller scales: 3B
(64.32% vs. 72.22%, −7.9%) and 1.5B (70.69%
vs. 76.38%, −5.69%). The improvement margin
increases with model scale, suggesting larger
models better leverage knowledge boundary
signals.

Knowledge Boundary Calibration. The largest
gains appear on benchmarks requiring precise cali-
bration. On TriviaQA with Qwen2.5-7B, KbPO
achieves 32.60% failure rate versus Search-R1
(44.09%) and FL-RAG (57.34%). On NQ, KbPO-
7B (68.92%) outperforms Search-R1 (70.41%) and
substantially beats AEPO (90.07%). This improve-
ment stems from KbPO’s ability to refuse unknown
queries rather than hallucinate.

Out-of-Domain Generalization. Despite train-
ing only on HotpotQA and 2WikiMQA, KbPO
generalizes well to unseen datasets. On PopQA,
KbPO-7B achieves 67.80% versus Search-R1’s
72.53%. On GAIA, KbPO (71.90%) substantially
outperforms FS-RAG (94.98%). This transferabil-
ity suggests that knowledge boundary awareness is
a domain-agnostic skill rather than dataset-specific
pattern fitting.

Comparison with RL-based Methods. KbPO
shows consistent advantages over AEPO, ARPO,
and MEM1. Critically, AEPO and ARPO exhibit
inverse scaling at 7B: AEPO worsens from 77.02%
(3B) to 88.88% (7B). This likely results from re-
ward hacking in outcome-only training. KbPO’s
process-level alignment reward prevents such ex-
ploitation.

Scaling Behavior. KbPO exhibits stable and
monotonic improvement as model capacity in-
creases: 70.69% (1.5B) → 64.32% (3B) → 57.99%
(7B), with gains of 6.37% and 6.33% per scale
jump. This near-linear improvement contrasts
sharply with baselines showing diminishing returns
or degradation. Search-R1, while competitive at
7B, shows inconsistent scaling at smaller models
(85.28% at 1.5B vs. 72.22% at 3B). The stability of
KbPO’s scaling indicates that boundary-aware re-
wards provide reliable optimization signals across
model capacities.

4.3 Ablation Study

We conduct ablation studies on Qwen2.5-3B to
analyze key design choices.

Effect of Reward Components. Table 2 presents
ablation results on reward design. Removing pro-
cess reward causes the largest degradation on multi-
hop datasets (2WikiMQA −11.8, HotpotQA −7.0),
where intermediate reasoning steps are critical. The
alignment reward shows complementary benefits:
without boundary-aware calibration, TriviaQA suf-
fers the most (−15.6), indicating that knowledge
boundary awareness is essential for open-domain
generalization.

Dataset KbPO w/o Proc. w/o Align.

TriviaQA 44.0 31.2 (−12.8) 28.4 (−15.6)

2WikiMQA 26.7 14.9 (−11.8) 23.2 (−3.5)

HotpotQA 29.0 22.0 (−7.0) 24.2 (−4.8)

NQ 21.6 14.0 (−7.6) 14.4 (−7.2)

PopQA 19.1 13.9 (−5.2) 13.7 (−5.4)

Average 28.1 19.0 (−9.1) 20.8 (−7.3)

Table 2: Ablation on reward components (F1, %).

Effect of Quadrant Rebalancing. Table 3 shows
the impact of Q3/Q4 rebalancing on error rates.
Over-rewarding internal answering (Q4) risks hal-
lucination, while over-rewarding refusal (Q3) sac-
rifices helpfulness. Proper rebalancing reduces er-
ror rates substantially: TriviaQA (−30.9%), NQ
(−13.0%), 2WikiMQA (−11.8%). This confirms
that explicit calibration between confidence and
behavior is essential for hallucination mitigation.

Training Stability. We adopt warmup schedul-
ing for the LLM-based alignment evaluator, using
higher sampling rates during early training. This
improves stability—TriviaQA F1 increases from
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Dataset w/o Rebal. KbPO

TriviaQA 94.9 64.0 (−30.9)

NQ 99.1 86.1 (−13.0)

2WikiMQA 89.3 77.5 (−11.8)

HotpotQA 86.5 78.3 (−8.2)

PopQA 96.4 87.1 (−9.3)

Table 3: Effect of quadrant rebalancing (Error rate %,
↓).

24.6 to 40.2 across training stages. We also find
that high fixed rewards for

4.4 Analysis

To further validate KbPO’s reliability, we analyze
the relationship between task difficulty and re-
fusal behavior on Qwen2.5-3B. Table 4 presents F1
scores and refusal rates across all benchmarks.

Adaptive Refusal Behavior. KbPO exhibits
difficulty-adaptive refusal rates that correlate with
task complexity. On benchmarks where the model
has sufficient knowledge, refusal rates remain low:
2WikiMQA (2.8%), PopQA (7.8%), and Bam-
boogle (8.8%). In contrast, on challenging bench-
marks requiring complex reasoning or rare knowl-
edge, refusal rates increase substantially: MuSiQue
(25.6%), FRAMES (25.1%), and XBench (45.0%).
This adaptive pattern demonstrates that quadrant-
based alignment successfully teaches the model to
recognize its knowledge boundaries.

Correlation Between Difficulty and Calibration.
We observe a clear negative correlation between
F1 scores and refusal rates. TriviaQA achieves
the highest F1 (44.0%) with a moderate refusal
rate (16.1%), while XBench shows F1 of 0.0%
but the highest refusal rate (45.0%). Similarly,
FRAMES and MuSiQue have low F1 scores (12.3%
and 13.0%) but elevated refusal rates (25.1% and
25.6%). This pattern confirms that KbPO has
learned calibrated uncertainty: when both para-
metric knowledge and retrieval are insufficient, the
model appropriately abstains rather than hallucinat-
ing.

Balancing Helpfulness and Reliability. Impor-
tantly, high refusal rates on difficult benchmarks do
not compromise helpfulness on tractable tasks. On
in-domain benchmarks (2WikiMQA, HotpotQA),
KbPO maintains competitive F1 scores (26.7% and
29.0%) while keeping refusal rates below 15%.
On TriviaQA, where retrieval is effective, KbPO

Dataset F1 (%) Refusal (%)

In-Domain

2WikiMQA 26.7 2.8
HotpotQA 29.0 13.4

Out-of-Domain

TriviaQA 44.0 16.1
NQ 21.6 9.9
PopQA 19.1 7.8
Bamboogle 23.1 8.8

Challenging

MuSiQue 13.0 25.6
FRAMES 12.3 25.1
GAIA 5.3 17.5
XBench 0.0 45.0

Table 4: F1 and refusal rate on Qwen2.5-3B. Higher re-
fusal rates on challenging benchmarks indicate effective
knowledge boundary calibration.

achieves strong F1 (44.0%) with only 16.1% re-
fusal. This balance validates that our quadrant-
based reward successfully differentiates between
scenarios requiring confident answers versus cau-
tious abstention.

5 Conclusion and Future work

We presented KbPO, a novel reinforcement learn-
ing framework that addresses the critical calibration
gap between parametric knowledge and external
retrieval in agentic search. Our approach makes
three key contributions: we introduce semantic sta-
bility metrics to formally quantify the knowledge
boundary of LLMs, enabling fine-grained charac-
terization of parametric reliability; we propose a
four-quadrant cognitive taxonomy that disentan-
gles internal certainty from retrieval quality, pro-
viding principled guidance for optimal behavior
under different knowledge states; and we design
a boundary-consistent alignment reward that in-
centivizes the policy to make calibrated decisions
aligned with its actual knowledge states. Extensive
experiments across ten benchmarks spanning multi-
hop QA, open-domain QA, and agentic reasoning
tasks demonstrate that KbPO consistently outper-
forms strong baselines including both traditional
RAG methods and recent RL-based approaches.
Notably, our ablation studies reveal that the quad-
rant rebalancing mechanism significantly reduces
hallucination rates, confirming that explicit bound-
ary calibration is essential for building trustworthy
retrieval-augmented agents.

Our analysis shows that KbPO learns difficulty-
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adaptive refusal behavior that transfers across do-
mains, suggesting knowledge boundary awareness
is a fundamental cognitive skill rather than dataset-
specific fitting. Future work could extend the quad-
rant taxonomy to multi-agent collaboration and
tool-augmented settings, develop boundary quan-
tification methods to reduce training overhead, and
explore dynamic adaptation of knowledge bound-
aries as models acquire new information.
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Limitations

LLM Judge Dependency. KbPO relies on an
external LLM judge for computing alignment re-
wards during training. This introduces computa-
tional overhead from API calls and potential eval-
uation noise due to sampling variability. While
our warmup scheduling mitigates this issue, the
dependence on external evaluation may limit scala-
bility and reproducibility in resource-constrained
settings.

Ground-Truth Requirement. The knowledge
boundary quantification (Section 3.2) computes
parametric certainty µ by comparing model re-
sponses against ground-truth answers. This re-
quirement limits applicability to supervised set-
tings where gold labels are available, and may not
directly extend to fully unsupervised or open-ended
generation scenarios.
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A Reproducibility Details

We implement our experiments using the PyTorch-
based VERL framework on a high-performance
computing cluster. Below we detail the exact con-
figurations to ensure full reproducibility.

A.1 Model Configuration

We evaluate the Qwen2.5 language model fam-
ily (Yang et al., 2024b) across three scales: 1.5B,
3B, and 7B. All models are initialized from the
official HuggingFace checkpoints and loaded in
bfloat16 precision.

A.2 Inference & Retrieval Settings

Table 5 lists the hyperparameters used during the
inference phase. We use a greedy decoding strat-
egy to ensure deterministic evaluation results. For
retrieval, we use the E5-Base-V2 dense retriever
indexed on the Wikipedia 2018 dump.

Category Parameter Value

Generation

Max Prompt Length 4096 tokens
Max Response Length 3000 tokens
Temperature (Eval) 0.0 (Greedy)
Temperature (Train) 0.7

Retrieval

Retriever Model E5-Base-V2
Knowledge Source Wikipedia (2018)
Top-k Passages 3
Truncation Middle (256 toks)

Table 5: Detailed inference and retrieval configuration
parameters.

A.3 Training Hyperparameters

We utilize Group Relative Policy Optimization
(GRPO) without a critic model. The training is
conducted on 8×NVIDIA A100 (80GB) GPUs us-
ing Fully Sharded Data Parallel (FSDP). Ubuntu
22.04.5 LTS. Thesoftware environment was based

on Python 3.11.11 withConda 23.5.2, and experi-
ments were implemented usingPyTorch 2.6.0, Hug-
gingFace Transformers 4.51.3, andSpaCy 3.8.4, all
with default settings unless otherwisespecifed.The
full hyperparameter set is provided in Table 6.

Category Hyperparameter Value

Optimization

Optimizer AdamW
Learning Rate 1× 10−6

LR Scheduler Cosine Decay
Warmup Ratio 0.285
Global Batch Size 512

PPO / GRPO

Group Size (G) 5
KL Coefficient (β) 0.001
Clip Threshold (ϵ) 0.2
Advantage Norm. Token-level

Rewards
Process Weight (λ) 0.2
Alignment Scale (α) 1.0

Table 6: Complete training hyperparameters for KbPO
experiments.

A.4 Computational Efficiency
KbPO’s training overhead remains comparable
to strong RL-based baselines (e.g., Search-R1,
Mem1) across all evaluated model scales (1.5B,
3B, 7B). The additional cost introduced by LLM-
based reward evaluation and group-based optimiza-
tion accounts for less than 5% of total training
time, effectively amortized through batched evalu-
ation and asynchronous scheduling. At inference
time, KbPO introduces no additional modules or
computational steps beyond the standard retrieval-
reasoning-generation pipeline, resulting in latency
identical to all baselines.

B Reward Function Details

The KbPO reward function is composed of three
distinct components: (1) Knowledge Boundary
Thresholds, (2) Process Rewards, and (3) Align-
ment Rewards.

B.1 Knowledge Boundary Definition
We quantify the model’s internal knowledge state
using two metrics derived from consistency checks.

• Parametric Certainty (µ): Measures the
correctness frequency across N sampled re-
sponses without retrieval.

• Semantic Stability (σ): Measures the average
pairwise cosine similarity between response
embeddings.
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The thresholds for these metrics (τρ, τµ) were deter-
mined by probing the validation set to maximize the
separation between known and unknown queries
(Table 7).

Metric Symbol Threshold

Retrieval Quality Score τρ ≥ 0.5
Parametric Certainty τµ ≥ 0.6
Semantic Stability τσ (Implicit via µ)
Sampling Count N 5

Table 7: Thresholds defining the four knowledge quad-
rants.

B.2 Threshold Sensitivity Analysis

The default configuration τρ=0.5, τµ=0.6 was
validated via a systematic sensitivity study on
Qwen2.5-3B. Lowering τρ below 0.5 incorrectly
admits low-quality retrieval as valid external knowl-
edge, expanding the knowledge boundary and in-
ducing blind retrieval reliance and hallucination.
Raising it above 0.5 rejects genuinely useful evi-
dence, forcing over-reliance on parametric knowl-
edge and degrading performance on open-domain
benchmarks. The same asymmetric pattern holds
for τµ: a lenient threshold misclassifies seman-
tically unstable knowledge as reliable, causing
over-confident answering on ambiguous samples,
while an overly strict threshold triggers excessive
refusals on moderately confident but genuinely
known queries. The chosen thresholds achieve op-
timal balance between boundary under-expansion
and over-expansion, enabling precise four-quadrant
calibration across all decision modes.

B.3 Process Reward Specification

To encourage structured reasoning and correct tool
usage, we assign dense rewards at specific syntactic
milestones. These rewards are purely rule-based
and do not require an external reward model.

Type Event Description Score

Positive
TOOL_OK Valid JSON format +0.10
ANS_TAG Output contains

<answer>
+0.10

Negative
TOOL_FAIL JSON parsing error −0.05
NO_ANS Missing final answer tag −0.30

Neutral DEFAULT Generic step completion +0.05

Table 8: Fine-grained process reward scalar values.

B.4 Process Reward Assignment
We assign process rewards to the last token of
each action span rather than distributing them uni-
formly. This design is motivated by three consid-
erations: (1) natural compatibility with sequence-
to-scalar reward models; (2) strict causal credit as-
signment consistent with the autoregressive factori-
sation; and (3) lower gradient variance relative to
token-level schemes. Credit propagation to earlier
tokens is handled internally by GRPO via group-
normalised advantages applied uniformly across
the sequence. Empirically, last-token assignment
yields consistently lower Failure Rates than uni-
form distribution across all model scales, suggest-
ing that concentrated reward signals afford more
efficient optimisation by avoiding gradient dilution.

B.5 Quadrant-Based Alignment Matrix
The alignment reward ralign drives the policy to-
wards the optimal strategy c∗(s, k) defined by the
knowledge quadrants.

State
Prescribed Strategy (c∗) Reward

s (Ret.) k (Int.)

High (1) High (1) Integrated:
Synergize retrieval with memory

+1.0

High (1) Low (0) External:
Rely strictly on retrieved context

+1.0

Low (0) High (1) Internal:
Ignore noise, trust memory

+0.2

Low (0) Low (0) Refusal:
State “I don’t know”

+0.5

Penalties for Misalignment
1 * Ignoring valid retrieval −0.5
0 0 Hallucination (answering un-

known)
−1.0

Table 9: The full alignment reward matrix. s: Retrieval
Signal, k: Internal Knowledge Signal.

C Data Format Specification

Each training instance follows a structured JSONL
format. The schema encodes the query, ground
truth answer, and pre-computed knowledge bound-
ary signals (µ, σ) for supervision.

C.1 System Prompt
The system prompt defines the agent’s action space,
output format, and fallback behavior when search
results are insufficient.
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Training Instance Schema

{
"data_source": "KbPO",
"prompt": [

{"role": "system", "content": "<system_prompt>"},
{"role": "user", "content": "Question: <query>"}

],
"reward_model": {

"ground_truth": ["<answer>"],
"style": "rule"

},
"extra_info": {

"question": "<query>",
"prior_mu": 0.0,
"prior_sigma": 0.77

}
}

Figure 3: Training data JSON schema. The prior_mu
and prior_sigma fields encode pre-computed knowl-
edge boundary signals used for data partitioning.

Agent System Prompt

You are a QA assistant with a search tool.

If you need to search, output exactly ONE tool call:
<tool_call>
{"name":"search","arguments":{"query_list":["q1","q2"]}}

</tool_call>

After the tool response, write:
<summary>what you learned from the search</summary>

Then write the final answer:
<answer>your answer</answer>

Rules:
- JSON inside <tool_call> MUST be valid.
- In a tool-call turn, output ONLY <tool_call>.
- If results not helpful: <answer>I don't know</answer>
- Always end with <answer>...</answer>.

Example:
Q: When did Xanadu hold its last festival?
A: <tool_call>

{"name":"search",
"arguments":{"query_list":["Xanadu festival"]}}

</tool_call>
[no relevant results found]
<summary>No reliable information found.</summary>
<answer>I don't know</answer>

Figure 4: System prompt defining the agent’s action
space.

D LLM Judge System Prompt

To ensure reproducible evaluation, we employ a
specific system prompt for the LLM judge (e.g.,
GPT-4o) to classify the agent’s behavior into the
four knowledge quadrants. The full prompt tem-
plate is provided below on 5.

D.1 Judge Consistency Analysis
To mitigate potential single-model bias in our LLM-
as-Judge evaluation, we validated cross-judge con-
sistency across three large-scale LLMs: DeepSeek-
V3.2, GPT-4o, and Qwen2.5-72B-Instruct, using
the full training set of 35,583 samples and the stan-
dardised prompt in Figure 5. All pairwise Pear-
son correlation coefficients between judges exceed
0.87 on both retrieval quality scoring and behav-
ioral classification, indicating strong cross-model
agreement and low risk of systematic bias (Evans,
1996). In the final version, we further adopt a multi-
LLM ensemble strategy: retrieval quality scores
are averaged across all three judges, and behav-
ioral categories are determined by majority voting,
improving the robustness of alignment reward com-
putation.
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Judge System Prompt

You are an expert evaluator for a RAG (Retrieval-Augmented Generation) agent.
Your task is to evaluate the agent's "Summary" based on the "User Question"
and "Retrieved Context".

You must perform two independent tasks:
1. Score Retrieval Quality: How useful is the context?
2. Classify Agent Behavior: How did the agent use the information?

### TASK 1: RETRIEVAL QUALITY SCORING
Determine if the Retrieved Context contains the necessary information to
answer the User Question. Assign a score between 0.0 and 1.0:
* 0.0 (Irrelevant): Context is completely unrelated or empty.
* 0.5 (Partial): Context contains partial info but is insufficient.
* 1.0 (Relevant): Context contains core information needed to answer.

### TASK 2: BEHAVIOR CLASSIFICATION
Determine the source of information for the Model Summary.
Choose exactly ONE category (1, 2, 3, or 4):

* Category 1: Integrated (External + Internal)
The summary combines details from the Retrieved Context with internal
reasoning. It cites facts from text BUT adds correct external details.

* Category 2: External Only (Reliance)
The summary relies almost exclusively on the Retrieved Context.
It is a direct paraphrase. If search results are wrong, summary is wrong.

* Category 3: Refusal (No Info)
The summary explicitly states that information is missing, not found,
or insufficient (e.g., "I don't know", "Search results do not contain").

* Category 4: Internal Only (Memory/Hallucination)
The summary answers using only internal knowledge, ignoring the Context.
Note: If context is empty/bad but model answers confidently, it falls here.

### OUTPUT FORMAT
You must output the result in the following XML-like format:
<retrieval_score>SCORE</retrieval_score>
<class>CATEGORY_ID</class>

Figure 5: System prompt for the LLM judge to compute retrieval quality (ρ̂) and classify agent behavior (ĉ).

E Ethical Considerations

This work focuses on improving the reliability of
retrieval-augmented language models by teaching
them to recognize knowledge boundaries. All ex-
periments are conducted on publicly available QA
benchmarks (HotpotQA, TriviaQA, NQ, etc.), and
no personally identifiable information or human
subject data is involved.

A key contribution of KbPO is training models to
refuse answering when both parametric knowledge
and retrieval are insufficient, rather than hallucinat-
ing plausible but incorrect responses. We believe
this calibrated behavior represents a positive step
toward more trustworthy AI systems. However,
we note that refusal rates should be carefully bal-
anced—excessive refusal may reduce system utility,
while insufficient refusal may propagate misinfor-
mation.

Our method relies on an LLM-based judge for
evaluating alignment during training, which may
introduce evaluation biases. We encourage future

work to develop more robust and transparent evalu-
ation protocols. Additionally, while KbPO reduces
hallucination on our benchmarks, it should not be
interpreted as a guarantee of factual correctness in
deployment scenarios.

This research is developed solely for academic
purposes. Any real-world application, particularly
in high-stakes domains such as healthcare, legal,
or financial services, would require extensive val-
idation, domain-specific calibration, and human
oversight.
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F Case Study

We present representative examples from each
knowledge quadrant to illustrate KbPO’s behav-
ior. Each case demonstrates how the agent adapts
its strategy based on the availability of internal
knowledge and retrieval quality.

F.1 Q1: Synergistic Integration
When both internal knowledge and retrieval are
reliable, the agent integrates them for accurate rea-
soning.

F.2 Q2: External Dependent
When internal knowledge is insufficient but re-
trieval succeeds, the agent relies on external ev-
idence.

F.3 Q3: Appropriate Refusal
When both internal knowledge and retrieval fail,
the agent should express uncertainty rather than
hallucinate.

F.4 Q4: Internal Knowledge Suffices
When retrieval fails but internal knowledge is reli-
able, the agent can answer from parametric mem-
ory.

G The use of Large Language Models

This research utilized Large Language Models
(LLMs) exclusively as assistive tools for linguistic
polishing and code troubleshooting. Specifically,
their role was confined to improving grammati-
cal precision and readability, alongside providing
general programming support. The authors main-
tained full oversight, rigorously verifying all AI-
generated content. The core intellectual contribu-
tions—including the research conception, method-
ological design, and data analysis—remain solely
the work of the authors, with no AI involvement in
hypothesis generation or the formulation of conclu-
sions.
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Q1: Both Knowledge Sources Available

Question: Which film has the director who died first, The Admiral Was A Lady or The Whales Of
August?
Gold Answer: The Admiral Was A Lady
Model Answer: The Admiral Was A Lady ✓

<tool_call>
{"name": "search", "arguments": {"query_list":
["director who died first The Admiral Was A Lady",
"director who died first The Whales Of August"]}}

</tool_call>

<tool_response>
{"result": "Doc 1 (Title: \"The Admiral Was a Lady\")
The Admiral Was a Lady is a 1950 American comedy film..."}
</tool_response>

<summary>The director of "The Admiral Was A Lady" was Albert S. Rogell,
who died first compared to the director of "The Whales Of August".</summary>
<answer>The Admiral Was A Lady</answer>

Figure 6: Q1 (High Internal + High External): The agent formulates a well-structured multi-part query and
successfully retrieves relevant information about both directors. Combined with background knowledge about film
history, it correctly identifies the answer through synergistic reasoning.
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Q2: Retrieval Corrects Initial Error

Question: Who died later, Haldor Lillenas or Holly Broadbent Sr.?
Gold Answer: Holly Broadbent Sr.
Initial Guess (before search): Haldor Lillenas ✗

Final Answer (after search): Holly Broadbent Sr. ✓

<tool_call>
{"name": "search", "arguments": {"query_list":
["when did haldor lillenas die", "when did holly broadbent sr. die"]}}

</tool_call>

<tool_response>
{"result": "Doc 1 (Title: \"Haldor Lillenas\")
...Lillenas died on August 18, 1959..."}
</tool_response>

<summary>Haldor Lillenas died on 1959-08-18.</summary>

<tool_call>
{"name": "search", "arguments": {"query_list":
["when did holly broadbent sr. die"]}}

</tool_call>

<tool_response>
{"result": "Doc 1 (Title: \"Holly Broadbent Sr.\")
...died on January 12, 2001..."}
</tool_response>

<summary>Holly Broadbent Sr. died on 2001-01-12.</summary>
<answer>Holly Broadbent Sr.</answer>

Figure 7: Q2 (Low Internal + High External): The agent lacks reliable internal knowledge about these obscure
individuals and initially guesses incorrectly. However, through iterative retrieval, it obtains precise death dates and
corrects its answer. This demonstrates appropriate reliance on external evidence when parametric knowledge is
insufficient.

Q3: Expressing Uncertainty Under Conflicting Information

Question: Who is the child of the director of film Evidence (1988 Film)?
Gold Answer: Jishnu
Model Answer: I don’t know (expressing uncertainty)

<tool_call>
{"name": "search", "arguments": {"query_list":
["child of director of film evidence 1988"]}}

</tool_call>

<tool_response>
{"result": "Doc 1 (Title: \"Evidence (musician)\")
Michael Taylor Perretta (born December 10, 1976)..."}
</tool_response>

<summary>The available information is insufficient to answer this question.</summary>
<answer>I don't know </answer>

Figure 8: Q3 (Low Internal + Low External): The retrieval returns irrelevant results (a musician, not the film
director’s child), and the agent lacks internal knowledge about this obscure 1988 film. Rather than confidently
hallucinating, the agent expresses uncertainty using ’I don’t know’
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Q4: Overcoming Noisy Retrieval with Internal Knowledge

Question: Which film whose director is younger, Vadakakku Oru Hridayam or The $1,000,000
Reward?
Gold Answer: Vadakakku Oru Hridayam
Model Answer: Vadakakku Oru Hridayam ✓

<tool_call>
{"name": "search", "arguments": {"query_list":
["director age Vadakakku Oru Hridayam",
"director age The $1,000,000 Reward"]}}

</tool_call>

<tool_response>
{"result": "Doc 1 (Title: \"Medical Director of the Year Award\")
The Medical Director of the Year Award..."}
</tool_response>

<summary>The director of Vadakakku Oru Hridayam is not mentioned in the
search results, but the retrieved content is irrelevant (medical awards).</summary>
<answer>Vadakakku Oru Hridayam</answer>

Figure 9: Q4 (High Internal + Low External): The retrieval completely fails, returning irrelevant content about
medical awards instead of film directors. However, the agent recognizes the retrieval noise and falls back on
internal knowledge about these films, ultimately providing the correct answer. This demonstrates appropriate trust
in parametric knowledge when external sources are unreliable.
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