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Abstract

Slow-thinking Large Language Models (LLMs)
have demonstrated strong reasoning capabili-
ties but often suffer from severe hallucinations
due to an inability to recognize their knowledge
boundaries. Existing Reinforcement Learning
(RL) approaches typically rely on outcome-
oriented rewards, which can inadvertently re-
inforce fabricated reasoning paths when the
final answer is correct. To address this, we pro-
pose Knowledge-enhanced RL, KnowRL, a
framework that integrates factual supervision
directly into the reasoning process. By de-
composing the chain of thought into atomic
facts and verifying them against the correspond-
ing ground-truth knowledge, KnowRL per-
forms fine-grained checks to encourage models
to reason faithfully. Crucially, this process-
oriented supervision teaches the model to iden-
tify its knowledge boundaries, learning to say
“I don’t know” instead of fabricating answers
when information is missing. Experimental re-
sults demonstrate that KnowRL effectively mit-
igates hallucinations—reducing the Incorrect
Rate on SimpleQA by 20.3% for distillation-
based slow-thinking models while maintain-
ing strong performance on complex reasoning
benchmarks like GPQA and AIME 2025. Fur-
thermore, our method shows robust transferabil-
ity to out-of-distribution tasks, indicating that
the model learns a generalizable verification
behavior1.

1 Introduction

Recent advancements, represented by models like
DeepSeek-R1 (Guo et al., 2025), mark a paradigm
shift towards “slow thinking”. By leveraging
Reinforcement Learning (RL) to encourage ex-
tended Chains of Thought (CoT), these models
have achieved remarkable breakthroughs in com-
plex reasoning tasks. However, a critical paradox

*Corresponding author.
1https://github.com/zjunlp/KnowRL.
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Figure 1: KnowRL reduces hallucinations in slow-
thinking models.

has emerged: while scaling reasoning compute sig-
nificantly boosts problem-solving abilities, it does
not naturally align with factual reliability. In fact,
slow thinking models often exhibit severe hallu-
cinations (Heyman and Zylberberg, 2025; Patel
et al., 2024; Arcuschin et al., 2025). As shown in
Figure 2, larger reasoning models achieve higher
GPQA (Rein et al., 2024) scores but fail to improve
or even regress on hallucination benchmarks like
SimpleQA (Wei et al., 2024). For instance, the
DeepSeek-R1-Distill-Qwen-32B (Guo et al., 2025)
achieves an accuracy of only 6.64% on the Sim-
pleQA dataset. This suggests that without proper
guidance, the long reasoning process can turn into
a "snowball" of errors, where one small mistake
leads to a completely fabricated conclusion. This
raises a critical question: Why do models with
such strong reasoning abilities still fail so badly
at factual reliability?

The root cause lies in the way we currently
train these models. Standard RL heavily relies
on outcome-oriented rewards, which optimize for
the final answer while treating the reasoning pro-
cess as a black box. This approach has two main
flaws. First, it ignores the Knowledge Boundary—
the model’s ability to distinguish between what it
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Figure 2: Scaling improves reasoning ability (GPQA)
but does not reduce hallucinations (SimpleQA). Results
are shown for DeepSeek-R1-Distill models of varying
sizes (Qwen-1.5B, Llama-8B, Qwen-14B, Qwen-32B).

knows and what it does not know. Without this
boundary, models try to guess the answer to get
the reward. Second, it creates a supervision gap:
model might generate a correct answer using wrong
or made up reasoning steps. Since the reward sig-
nal depends solely on the final outcome, the model
mistakenly learns that fabricating reasoning paths
is a valid strategy; therefore, the RL algorithm
unwittingly reinforces this hallucinated logic. Con-
sequently, the model becomes “smart” at reasoning
but “dishonest” about facts.

Addressing this challenge with existing meth-
ods proves difficult. Retrieval Augmented Gener-
ation (RAG; Lewis et al., 2020) faces significant
retrieval efficiency bottlenecks when integrated into
the extensive reasoning steps of slow thinking mod-
els. Supervised Fine Tuning (SFT; Ouyang et al.,
2022) primarily relies on static knowledge injec-
tion. However, this paradigm suffers from severe
catastrophic forgetting (Chen et al., 2025a), often
degrading the model’s inherent reasoning capabil-
ities. More fundamentally, SFT encourages the
model to merely memorize static knowledge rather
than learning the generalized behavior of reason-
ing. Consequently, it fails to instill the critical
strategy of “knowing what you know and what you
do not know”—a dynamic judgment of Knowledge
Boundaries. In contrast, Reinforcement Learning
is uniquely suited to shape this behavioral strategy
(Gandhi et al., 2025). Therefore, there is an ur-
gent need for a RL framework that can inherently
instill factual discipline into the model’s reason-
ing behaviors without compromising its reasoning
capabilities.

So, to bridge this gap, we propose Knowledge

enhanced Reinforcement Learning (KnowRL), a
framework that integrates factuality supervision di-
rectly into the RL reasoning loop. Unlike outcome-
based approaches, KnowRL opens the “black box”
of thinking. By decomposing the Chain of Thought
into atomic facts and verifying them against the
corresponding ground-truth knowledge, KnowRL
provides dense, process level rewards. This de-
sign transforms the RL objective: instead of merely
“getting the answer right,” the model is incentivized
to reason faithfully and, crucially, to recognize its
knowledge boundaries—learning to say “I don’t
know” rather than fabricating a plausible sound-
ing response when information is missing, as illus-
trated in Figure 1.

Experimental results validate the effectiveness of
KnowRL. On hallucination benchmarks, KnowRL
significantly reduces the error rate. For instance,
dropping the Incorrect Rate on SimpleQA by
20.3% for 7B slow thinking model. Crucially,
this gain in factuality does not come at the cost
of reasoning ability; KnowRL maintains strong
performance on complex reasoning datasets like
GPQA and AIME 2025. Furthermore, our method
demonstrates strong transferability and Out-Of-
Distribution (OOD) generalization to knowledge
domains outside the training distribution; it sig-
nificantly improves performance on ChineseSim-
pleQA (He et al., 2024b) even when the primary
knowledge source is purely English-based. These
findings suggest that KnowRL helps the model in-
ternalize a universal verification behavior rather
than merely memorizing language-specific facts.
These results confirm that KnowRL successfully
aligns the slow thinking process with factual ac-
curacy, offering a robust path for building reliable
reasoning models.

2 Knowledgeable Reinforcement
Learning

To address the high hallucination rates in slow-
thinking models, we propose a fundamental shift
in supervision: focusing on the reasoning process
rather than only on final outcomes. To this end,
we introduce KnowRL, a Knowledge enhanced Re-
inforcement Learning framework designed to guide
models toward verifiable and boundary-aware rea-
soning by integrating factual supervision directly
into the RL loop. As illustrated in Figure 3, we first
construct training data matched with knowledge,
and then conduct RL training using a composite
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Figure 3: Overview of the KnowRL framework. We first construct training data matched with external knowledge.
During RL training, we decompose the generated reasoning process into atomic facts and verify them against the
knowledge base. Finally, we optimize the model using a composite reward that combines these factual scores with
correctness and format checks.

reward that balances factual correctness with rea-
soning quality (details in Appendix A). By enforc-
ing factual consistency at the step level, KnowRL
effectively corrects incorrect reasoning paths and
encourages models to recognize their knowledge
boundaries, ultimately leading to a more faithful
and self-aware thinking process.

KnowRL builds upon the Group Relative Policy
Optimization (GRPO) algorithm by introducing
factuality supervision into the CoT reasoning pro-
cess. This integration ensures that the model is
guided not just by the final answer, but by the fac-
tual accuracy of its thinking steps. In the following,
we detail how we design the composite Reward
Function to evaluate these steps and how we imple-
ment the Factuality-Guided Policy Optimization.

Reward Function. Given a rollout o =
(othink, oanswer), inspired by FactScore (Min et al.,
2023), we use GPT-4o-mini for the factual verifi-
cation process. We decompose the reasoning trace
into M atomic facts Φ(othink) = {f1, . . . , fM}.
Given an external knowledge base K, each atomic
fact fj is checked against its most relevant knowl-
edge set Kx ⊆ K2 to obtain a verification score
v(fj ,Kx) ∈ {0, 1}. The factuality reward is then

2Retrieved using sentence-transformers/gtr-t5-large.

defined as the proportion of supported facts:

rfact(o) =





1

M

M∑

j=1

v(fj ,Kx), M > 0,

0, M = 0.

(1)

Additional components include a format
reward rformat(o) and a correct reward
rcorrect(o). The format reward verifies
whether the output follows the required
<think>...</think><answer>...</answer>
structure: if the format is valid, rformat(o) = +1;
otherwise, rformat(o) = −1. The correctness
reward evaluates the final answer oanswer using an
evaluator model (GPT-4o-mini): if the answer is
correct, rcorrect(o) = +2; if the model explicitly
refuses, rcorrect(o) = +1; if the answer is
incorrect, rcorrect(o) = −1. The composite reward
is then defined as

Rtotal(o) = rformat(o) + rcorrect(o) + rfact(o).
(2)

Factuality–Guided Policy Optimisation. For ev-
ery prompt x the current policy πθold generates
a group of G candidate roll-outs {o(g)}Gg=1 ∼
πθold(·|x), where G is the group size. Each tra-
jectory is scored by the composite reward Rtotal(·),
yielding a set of scalars Rx = {Rg}Gg=1.
Advantage construction. We summarise Rx with
its sample mean µx and standard deviation σx. The
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credit assigned to trajectory g is the group-relative
advantage

Ag =
Rg − µx

σx + ε
, (3)

where ε(≪1) avoids division by zero. Ag is positive
if o(g) attains above-average factual reward and
negative otherwise, turning factual supervision into
a signed learning signal.
Likelihood ratio. Define the trajectory-level im-
portance ratio

ϱg =
πθ
(
o(g) | x

)

πθold
(
o(g) | x

) .

The pair (ϱg, Ag) fully characterises how o(g)

should influence the update: increase its proba-
bility if ϱgAg > 0 and decrease otherwise.
Surrogate objective. Using these short symbols
enables a compact, column-friendly surrogate:

Ĵ (θ) =
1

G

G∑

g=1

min
(
ϱgAg, clip(ϱg, 1−ϵ, 1+ϵ)Ag

)
,

(4)
with a small clip threshold ϵ to bound the update.
Because Ag encodes factual advantage, maximis-
ing Ĵ explicitly transfers probability mass from
hallucination-heavy traces (Ag < 0) to trajectories
whose CoT is knowledge-supported (Ag > 0).
Regularised loss. To preserve exploration and
limit divergence from the frozen reference pol-
icy πref, we add (i) an entropy bonus and (ii)
a KL anchor. Let o denote a complete rollout
and ot its t-th token. The token-level Shannon
entropy on prompt x is therefore H(πθ(·|x)) =
−∑

t πθ(ot|x) log πθ(ot|x). Its mini-batch ex-
pectation and the corresponding KL expecta-
tion are EH ≜ Ex[H(πθ(·|x))] and EKL ≜
Ex[DKL(πθ(·|x)∥πref(·|x)]. With scalar weights
βH, βKL > 0, the final objective becomes

LKnowRL = −Ĵ (θ) + βHEH + βKLEKL. (5)

During training, each gradient step proceeds as
follows. First, a mini-batch of prompts x is sam-
pled and the old policy πθold produces a group Ox

of G roll-outs. Next, every trajectory o(g)∈Ox un-
dergoes the knowledge check that yields the com-
posite reward Rg = Rtotal(o

(g)), whose factual
component rfact is computed against the external
knowledge base. The set {Rg} is then converted
into group-relative advantages Ag via Eq. (3), so
that a higher proportion of verified facts directly

Sub-task DeepSeek-7B Skywork-7B

Mathematics
COMP.en 8.61% → 8.46% 4.75% → 7.12%
COMP.zh 7.35% → 7.60% 5.39% → 5.39%
CEE.zh 10.65% → 10.56% 8.79% → 9.35%

Physics
COMP.en 1.69% → 0.00% 0.85% → 1.69%
CEE.zh 7.83% → 11.30% 3.48% → 5.22%

Average Acc. 7.23% → 7.58% 4.65% → 5.75%

Table 1: Performance on OlympiadBench. Results
are shown as Base model → KnowRL-trained.

translates into a larger positive Ag, whereas hallu-
cinated chains of thought receive negative credit.
The new policy πθ is updated by maximising the
factual surrogate Ĵ (θ) in Eq. (4) while minimis-
ing the regularised loss LKnowRL in Eq. (5); this
couples the likelihood ratio ϱg with Ag so that gra-
dients increase the probability of knowledge sup-
ported reasoning and decrease that of hallucination
prone trajectories. Iterating this loop prompt sam-
pling, factual verification, advantage normalisation,
and loss-driven update—yields a policy that sys-
tematically suppresses hallucinations yet preserves
answer accuracy.

3 Experiments

3.1 Experimental Settings.
Datasets and Metrics. We use TruthfulQA (Lin
et al., 2021), SimpleQA, and ChineseSimpleQA
to evaluate hallucination, and GPQA (general do-
main) and AIME 2025 (mathematical reasoning)
to evaluate reasoning ability. For the hallucina-
tion evaluation datasets, we randomly sample 300
examples from each of TruthfulQA, SimpleQA,
and ChineseSimpleQA as test sets. Because slow-
thinking models generate thousands of tokens per
query, evaluating full datasets is computationally
prohibitive. A 300-example subset remains highly
challenging and provides a statistically valid eval-
uation, which is a standard practice for long-
reasoning tasks. TruthfulQA is assessed with the
ROUGE and BLEU metrics. For SimpleQA and
ChineseSimpleQA, we evaluate performance us-
ing four metrics: (1) Incorrect Rate, (2) Refusal
Rate, (3) Precision on Answered Questions (PAQ),
and (4) F1 score. PAQ measures the proportion
of correctly answered questions among those that
the model chooses to answer. For AIME 2025 and
GPQA, we assess reasoning performance based on
accuracy metric. All models are evaluated with the
temperature set to 0.
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Methods
Hallucination Reasoning

TruthfulQA SimpleQA ChineseSimpleQA GPQA
Diamond AIME

Rouge Bleu PAQ Incorrect Refusal F1 PAQ Incorrect Refusal F1

Skywork-OR1-7B-Preview

Zero-shot 56.67 55.33 2.97 76.33 21.33 2.61 11.84 67.00 24.00 10.23 37.37 26.67
Self-Refine 58.00 54.00 3.90 74.00 (-2.33) 23.00 3.90 9.82 67.33 (+0.33) 25.33 8.40 46.67 36.67
FactTune-FS 58.33 50.33 0.76 43.33 (-33.0) 56.33 0.46 8.52 68.00 (+1.00) 25.67 7.26 40.91 26.67
DPO 52.67 49.33 4.81 85.66 (+9.33) 10.00 4.56 12.64 78.33 (+11.3) 10.33 11.95 34.85 30.00
SFT 57.67 51.67 11.45 77.33 (+1.00) 12.67 10.68 19.70 70.67 (+3.67) 12.00 18.44 34.85 23.33
TruthRL 57.33 50.60 3.78 56.00 (-20.3) 41.67 2.95 10.58 62.00 (-5.00) 30.67 8.66 39.39 26.67
KnowRL 57.67 54.33 3.21 60.33 (-16.0) 37.67 2.46 12.29 52.33 (-14.7) 40.33 9.19 42.42 ↑ 36.67 ↑

DeepSeek-R1-Distill-Qwen-7B

Zero-shot 53.33 51.00 2.09 78.00 20.33 1.86 8.07 68.33 25.67 6.88 40.91 30.00
Self-Refine 55.00 50.33 2.52 77.33 (-0.67) 20.67 2.23 8.11 68.00 (-0.33) 26.00 6.90 45.45 33.33
FactTune-FS 54.00 50.00 2.72 59.67 (-18.3) 38.67 2.07 10.24 76.00 (+7.67) 15.33 9.39 38.89 30.00
DPO 54.00 51.00 4.35 88.00 (+10.0) 8.00 4.16 13.14 79.33 (+11.0) 8.67 12.54 37.37 30.00
SFT 57.67 52.00 8.42 83.33 (+5.33) 9.00 8.03 19.58 76.67 (+8.34) 4.67 19.11 36.36 26.67
TruthRL 57.67 54.67 2.14 61.00 (-17.0) 37.67 1.64 5.76 60.00 (-8.33) 36.33 4.48 39.39 26.67
KnowRL 57.33 51.60 2.81 57.67 (-20.3) 40.67 2.09 10.26 58.33 (-10.0) 35.00 8.08 36.87 ↓ 33.33 ↑

Table 2: Main Experimental Results. Performance of KnowRL compared against baselines on the Skywork-OR1-
7B-Preview and DeepSeek-R1-Distill-Qwen-7B models. Zero-shot refers to the original model performance. The
best results are marked in bold.

Models and Baselines. We select the Skywork-
OR1-7B-Preview (He et al., 2025a) and the
DeepSeek-R1-Distill-Qwen-7B for experiments.
These models represent the two most popular slow
thinking training methods: RL, represented by the
Skywork-OR1-7B-Preview model, and distillation,
represented by the DeepSeek-R1-Distill-Qwen-7B
model. We select Self-Refine (Madaan et al., 2023)
as the baseline for prompt engineering, and SFT,
DPO, FactTune-FS (Tian et al., 2023) and TruthRL
(Wei et al., 2025) as the baselines for post-training
methods. For DPO, we use the distilled DeepSeek-
R1 data as the chosen data; for FactTune-FS, the
chosen data is composed of the original model’s
outputs, which are filtered for high factuality using
FactScore. We use Low-Rank Adaptation (LoRA;
Hu et al., 2022) to train all models. Further training
details are provided in the Appendix B.

3.2 Main Results

KnowRL significantly mitigates hallucination
while maintaining reasoning capabilities. As
shown in Table 2, KnowRL consistently improves
factual reliability across all datasets. For the
DeepSeek-R1-Distill-Qwen-7B model, the Incor-
rect Rate on SimpleQA drops by over 20% (from
78.00% to 57.67%), with similar improvements ob-
served on ChineseSimpleQA. Notably, since our
training knowledge source is primarily English-
based, the consistent gains on ChineseSimpleQA

highlight strong cross-lingual transferability, sug-
gesting that KnowRL helps the model internalize a
language-agnostic verification behavior rather than
merely memorizing language-specific factual pat-
terns. Importantly, unlike baseline methods that
often suffer from catastrophic forgetting, KnowRL
preserves strong performance on complex reason-
ing benchmarks. For instance, it improves the
GPQA score from 37.37% to 42.42% and maintains
stability on AIME 2025, demonstrating that factual
supervision does not conflict with deep reasoning
abilities. This favorable trade-off can be attributed
to KnowRL’s process-level design: by rewarding
the factual grounding of individual reasoning steps
rather than solely adjusting outcome distributions,
the model retains its capacity for extended logical
deduction while learning to ground each step in
verifiable knowledge. Furthermore, the dramatic
drop in completion length (Figure 4(a) and (b)) re-
flects acquired boundary-awareness rather than a
collapse of the slow-thinking process. The model
efficiently truncates wasteful hallucinations for un-
known facts while preserving extended reasoning
chains for complex logical tasks.

Training dynamics demonstrate that the model
progressively learns to recognize knowledge
boundaries. Figure 4(a) and (b) illustrates how
KnowRL shapes the model’s behavior. During
training, the accuracy of atomic facts within the
chain-of-thought steadily increases. As the model
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Figure 4: KnowRL training dynamics and reasoning behavior analysis. (a)–(b) present the training curves of two
model architectures, showing improved factual alignment and stable reasoning length. (c)–(f) illustrate performance
trends of Skywork-OR1-7B-Preview across different training steps, including F1 and PAQ (c), reasoning accuracy
(d), refusal rate (e), and incorrect rate (f).

becomes more precise in its reasoning steps, it
learns to distinguish known facts from unknown
information. Consequently, instead of fabricating
answers when uncertain, the model learns to ab-
stain, reflected by a rise in the Refusal Rate and a
sharp drop in the Incorrect Rate. This confirms that
KnowRL effectively teaches the model to reason
faithfully rather than merely optimizing for lucky
guesses.

3.3 Extended Evaluation on Reasoning
Benchmarks

We further evaluate KnowRL on Olympiad-
Bench (He et al., 2024a) to examine its impact
on complex reasoning in mathematics and physics.
As shown in Table 1, both models maintain or im-
prove their performance after KnowRL training.
Specifically, the DeepSeek model increases its aver-
age accuracy from 7.23% to 7.58%, while the Sky-
work model improves from 4.65% to 5.75%. Both
models achieved significant gains in the Chinese
physics task (physics_zh_CEE), with DeepSeek-
7B rising from 7.83% to 11.30%. Although there
are minor fluctuations in individual sub-tasks, the
overall trend confirms that factual supervision does
not hinder structured reasoning.

Combined with the consistent results on GPQA
and AIME 2025, these findings provide strong ev-
idence that KnowRL effectively preserves and
enhances complex reasoning capabilities across
diverse other domains, enabling models to rea-
son more reliably under factual constraints.

3.4 Training Step Analysis

To investigate how the number of KnowRL training
steps affects the trade-off between factuality and
reasoning, we evaluate models trained for 100, 150,
200, 250, and 300 reinforcement learning steps.
The results are illustrated in Figure 4(c)–(f).

As shown in Figure 4(c), both F1 and PAQ scores
improve rapidly in the early stage of training and
reach a stable high level after moderate training,
suggesting that factual precision and reliability are
primarily acquired in the middle phase of opti-
mization. Reasoning performance on GPQA and
AIME 2025 (Figure 4(d)) remains stable or slightly
improves within this range, indicating that factual
supervision can refine reasoning without inducing
degradation. Refusal rates (Figure 4(e)) increase
and then plateau, reflecting that models progres-
sively learn appropriate abstention behavior, while
the incorrect rate (Figure 4(f)) decreases sharply
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Method
Hallucination Reasoning

SimpleQA ChineseSimpleQA GPQA
Diamond AIME

PAQ Incorrect Refusal F1 PAQ Incorrect Refusal F1

Ablation on Reward Combination (Base Model: DeepSeek-R1-Distill-Qwen-7B)

R = rformat 2.63 74.00 24.00 2.27 7.08 74.33 20.00 6.29 39.39 30.00
R = rformat + rfact 2.42 80.67 (+6.67) 17.33 2.19 8.87 75.33 (+1.00) 17.33 8.03 47.47 40.00
R = rformat + rcorrect 3.19 60.67 (-13.33) 37.33 2.46 8.89 41.00 (-33.33) 55.00 5.52 38.89 40.00
R = Rtotal (KnowRL) 2.81 57.67 (-16.33) 40.67 2.09 10.26 58.33 (-16.00) 35.00 8.08 36.87 33.33
KnowRL (Rrefusal = −1) 1.26 78.67 (+4.67) 20.33 1.11 7.66 84.33 (+10.00) 8.67 7.32 34.85 30.00

Robustness Analysis (Using GRPO reward, R = Rtotal)

Zero-shot 2.09 78.00 20.33 1.86 8.07 68.33 25.67 6.88 40.91 30.00
KnowRL (DAPO) 1.11 59.33 (-18.67) 40.00 0.83 9.14 59.67 (-8.66) 34.33 7.24 41.41 43.33
KnowRL (BNPO) 1.61 61.00 (-17.00) 38.00 1.23 11.48 61.67 (-6.66) 30.33 9.43 41.41 30.00
KnowRL (Dr.GRPO) 3.16 61.33 (-16.67) 36.67 2.45 11.33 60.00 (-8.33) 32.33 9.15 38.38 43.33

Table 3: Ablation and Robustness Analysis. Impact of reward components and different RL algorithms for the
DeepSeek-R1-Distill-Qwen-7B. In reward ablation section, best results are in bold and second-best are underlined.

in early training and stabilizes thereafter. Beyond
this stage, additional optimization provides limited
factual improvement and introduces minor task-
dependent variations rather than consistent gains.

These observations suggest that KnowRL’s rein-
forcement learning dynamics follow a stable con-
vergence pattern rather than the reversal effects
sometimes observed in overfitted reasoning mod-
els (Berglund et al., 2023). Appropriate training
duration is therefore crucial: insufficient updates
hinder factual learning, whereas excessive opti-
mization may overfit factual supervision signals
and weaken generalization.

Overall, KnowRL achieves its best balance
between factuality and reasoning stability when
trained for an appropriate number of rein-
forcement learning steps, where the model fully
internalizes factual supervision without over-
optimization or reasoning drift.

3.5 Ablation Study
To understand how different reward signals con-
tribute to the model’s performance, we evaluate
the DeepSeek-R1-Distill-Qwen-7B model under
different reward combinations.

Factual reward (rfact) enhances fact-grounded
reasoning. As shown in Table 3, using the factual
reward alone achieves the best performance on rea-
soning benchmarks such as GPQA and AIME 2025.
This shows that rfact encourages models to perform
reasoning grounded in verifiable knowledge, help-
ing them maintain accuracy while reducing random
errors. This finding underscores the importance of
factual verification in the reinforcement learning
process, consistent with prior work showing that

incorporating verifiable rewards can substantially
improve the reliability and stability of RL train-
ing (RLVR; Yue et al., 2025).

Positive refusal incentives promote boundary
awareness. Table 3 shows that giving a positive
reward for refusals leads to higher refusal rates and
fewer hallucination errors. This explicitly encour-
ages the model to admit when it lacks knowledge.
When we removed this positive incentive (setting
Rrefusal = −1), the incorrect rate increased signif-
icantly. This confirms that rewarding appropriate
refusals is essential for learning knowledge bound-
aries.

4 Analysis

4.1 Robustness Analysis of Different RL
Algorithms

To verify that the effectiveness of KnowRL is not
limited to a specific optimization method, we ex-
tended our framework to three additional RL al-
gorithms: BNPO (Xiao et al., 2025), DAPO (Yu
et al., 2025), and Dr.GRPO (Liu et al., 2025b). We
compare their performance using the DeepSeek-
R1-Distill-Qwen-7B model.

KnowRL is robust across different algorithms.
Table 3 demonstrates that every algorithm achieved
the dual goal of our framework: they all signifi-
cantly reduced the Incorrect Rate compared to the
Zero-shot baseline, while successfully maintaining
or even improving reasoning performance. This
confirms that the KnowRL framework effectively
reduces hallucinations without compromising rea-
soning capabilities, regardless of the specific RL al-
gorithm used. Detailed analysis of response length
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and atomic fact accuracy during training is pro-
vided in Appendix D.

4.2 Analysis of Factors Affecting Knowledge
Boundaries

To examine whether the positive refusal reward in
rcorrect is the only factor driving boundary learning,
we conducted an experiment on the DeepSeek-R1-
Distill-Qwen-7B model using SimpleQA and Chi-
neseSimpleQA. We modified the KnowRL setting
by changing the refusal reward from positive to
negative rrefusal=−1, while keeping other rewards
unchanged. We evaluated the model at training
steps 0, 100, 150, 200, and 250.

As shown in Figure 5, the refusal rate initially
rises even without a positive refusal reward.

This confirms that the positive refusal reward
is not the only factor affecting knowledge bound-
aries; the penalty for incorrect answers also encour-
ages the model to be cautious in the early stages.
However, this behavior is unstable. Later stages
in Figure 5 show a significant drop in refusal rates
accompanied by a spike in incorrect answers. This
occurs because the model learns to guess to max-
imize scores rather than accepting refusal penal-
ties—known as reward hacking. Thus, while cor-
rectness rewards trigger initial caution, positive
refusal rewards are essential to maintain it and pre-
vent guessing. Overall, the results suggest that
positive refusal rewards are not the only source
of boundary learning; different reward com-
binations can jointly promote boundary-aware
reasoning.

We further investigate the scalability and evalua-
tor sensitivity of our framework. Experiments on
the larger DeepSeek-R1-Distill-Qwen-14B model
show that KnowRL consistently reduces hallucina-
tions while improving reasoning capabilities, con-
firming its scalability across model sizes(details in
Appendix E). Moreover, we conduct an Evaluator
Sensitivity Analysis by replacing the GPT-4o-mini
used during training with different model. The
results indicate that KnowRL maintains robust per-
formance regardless of the specific evaluator used.
Comprehensive results for these analyses are pro-
vided in Appendix F.

5 Robustness and Multi-run Evaluation

To address the potential sensitivity of single-run
evaluations at zero temperature, especially on
small-scale benchmarks like AIME, we conduct
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Figure 5: Trends of refusal and incorrect rates on Sim-
pleQA and ChineseSimpleQA when training with the
combination of format reward and negative refusal re-
ward across different training steps.

a robust multi-run evaluation. We re-evaluate the
base models and KnowRL using a non-zero tem-
perature of 0.6, generating 5 responses per prompt
to report the average performance (Avg@5). This
setup ensures that the observed improvements in
factuality and reasoning are consistent and not arti-
facts of decoding variance.

As shown in Table 4, the multi-run averages
consistently support our primary findings. Even un-
der stochastic decoding, KnowRL significantly im-
proves refusal rates on hallucination-prone queries
(SimpleQA and ChineseSimpleQA) while simul-
taneously enhancing or maintaining performance
on complex reasoning tasks (GPQA and AIME).
For instance, KnowRL improves AIME accuracy
from 29.33% to 34.00% for DeepSeek-7B, con-
firming that our framework effectively promotes
reliable reasoning rather than simply collapsing to
conservative refusals.

6 Related Work

Hallucination Mitigation. Extensive research
focuses on mitigating hallucinations in LLMs
through alignment strategies and knowledge-
grounded methods (Cheng et al., 2025a; Kang et al.,
2025; Wen et al., 2025; Xu et al., 2024a; Li and Ng;
Lin et al., 2024; Sun et al., 2025; Liang et al., 2024;
Ding et al., 2024; Xu et al., 2025; Tang et al., 2024;
Han et al., 2024; Xu et al., 2024b; Yin et al., 2025;
Yuan et al., 2023; Chen et al., 2024b; Zhang et al.,
2024a; Dhuliawala et al., 2024; Feng et al., 2024;
Liu et al., 2025a; Martino et al., 2023). This chal-
lenge is particularly acute in slow-thinking models,
where complex reasoning can amplify factual er-
rors into a snowball effect (Ji et al., 2023; Huang
et al., 2025; Zhang et al., 2023; Cheng et al., 2025b;
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Methods
Hallucination Reasoning

TruthfulQA SimpleQA ChineseSimpleQA GPQA
Diamond AIME

Rouge Bleu PAQ Incorrect Refusal F1 PAQ Incorrect Refusal F1

Skywork-OR1-7B-Preview

Zero-shot 56.20 51.60 7.48 59.47 35.73 9.16 10.95 57.87 35.00 13.30 44.95 34.67
DPO 56.13 51.33 6.65 81.27 (+21.80)12.93 10.93 11.83 77.47 (+19.60)12.13 18.81 44.34 34.67
FactTune-FS 57.60 53.00 3.51 44.33 (-15.14) 54.07 2.20 10.84 40.60 (-17.27) 54.47 9.40 45.45 34.67
SFT 57.27 50.93 9.52 61.07 (+1.60) 32.40 10.71 8.21 78.93 (+21.06)14.00 7.59 39.39 38.67
TruthRL 57.67 53.47 8.15 49.07 (-10.40) 46.60 8.30 12.33 32.60 (-25.27) 62.80 8.78 46.36 33.33
KnowRL 58.27 52.80 7.32 40.20 (-19.27) 56.60 6.17 10.30 28.40 (-29.47) 68.33 6.32 48.89 ↑ 38.00 ↑

DeepSeek-R1-Distill-Qwen-7B

Zero-shot 57.40 51.53 4.89 62.47 34.33 6.20 10.23 60.27 32.93 11.83 45.45 29.33
DPO 55.60 51.40 5.65 76.33 (+13.86)19.07 8.74 9.54 67.20 (+6.93) 25.73 13.20 40.40 28.67
FactTune-FS 56.93 52.13 2.73 61.73 (-0.74) 36.53 2.12 8.90 56.60 (-3.67) 37.87 10.48 43.74 30.67
SFT 57.13 51.27 9.38 82.47 (+20.00) 9.00 15.72 9.86 82.07 (+21.80) 8.93 9.41 38.28 35.33
TruthRL 56.27 51.94 5.93 50.73 (-11.74) 46.07 6.19 9.37 30.47 (-29.80) 66.40 4.69 44.34 31.33
KnowRL 57.20 52.40 5.50 48.27 (-14.20) 48.93 5.43 8.38 28.07 (-32.20) 69.40 4.94 46.97 ↑ 34.00 ↑

Table 4: Multi-run Evaluation Results. Robust multi-run performance (Avg@5, Temperature=0.6) of KnowRL
compared against baselines on the Skywork-OR1-7B-Preview and DeepSeek-R1-Distill-Qwen-7B models. Zero-
shot refers to the original model performance. The key improvements are marked in bold.

Yao et al., 2025; Zheng et al., 2025b; Zhang et al.,
2025a).

Hallucinations stem from diverse factors, includ-
ing data noise, RL side-effects, knowledge con-
flicts, and decoding uncertainties (Mündler et al.,
2023; Song et al., 2025b; Ouyang et al., 2022;
Zhang et al., 2024b, 2025d; Kuhn et al., 2023; Zhao
et al., 2024). Fundamentally, these issues reflect
the model’s failure to recognize its own knowledge
boundaries (Zhang, 2023; Tonmoy et al., 2024;
Liang et al., 2024; Manakul et al., 2023; Kadavath
et al., 2022), motivating research into knowledge-
aware optimization and honesty alignment (Chen
et al., 2022; Chen, 2023; Yang et al., 2024).

RL for Reasoning RL enhances LLM reason-
ing, enabling complex strategies like reflection and
verification (Xie et al., 2025; Yeo et al., 2025;
Mei et al., 2025; He et al., 2025b). To achieve
more reliable reasoning, recent work increasingly
focuses on improving RL algorithms (Hu et al.,
2025; Nan et al., 2025; Chen et al., 2025c,b; Ichi-
hara and Jinnai, 2025; Ding et al., 2025; Cai et al.,
2025; Mroueh et al., 2025; Pang and Jin, 2025;
Zhang et al., 2025b; Li et al., 2025b,d; Zheng et al.,
2025a; Wang et al., 2025; Li et al., 2025a; Xi et al.,
2025) and integrating RL with other components
of the training and inference pipeline (Dong et al.,
2024; Cen et al., 2024; Xie et al., 2024; Li and Yan,
2025; Li et al., 2025c; Zhu et al., 2024; Chen et al.,
2025d; Jin et al., 2025b,a; Song et al., 2025a; Zhao
et al., 2025). Fine-grained guidance methods, such

as step-level value preference optimization (Chen
et al., 2024a), tree search (Feng et al., 2023), and
entropy-based preference clarification (Zhu et al.,
2025), are proving valuable for enhancing model
reliability.

7 Conclusion

This paper studies the high levels of hallucination
in both slow-thinking models. We analyze how
the current outcome-reward-driven reinforcement
learning method, despite enhancing reasoning, fails
to ensure fact-based thinking. To address this, we
propose KnowRL, a knowledge-enhanced RL train-
ing method, and validate its effectiveness on mul-
tiple datasets. Our experiments demonstrate that
directly supervising the model’s thinking process
with factual rewards is a more robust strategy than
solely optimizing for final answers. This process-
oriented supervision is crucial, as it fundamentally
teaches models not just what the correct answer
is, but how to reason reliably and recognize the
boundaries of their own knowledge. We hope
KnowRL offers the community an effective tech-
nical pathway to mitigate hallucinations in these
slow-thinking models.

Limitations

Despite our best efforts, this work still has certain
limitations that point to promising directions for
future exploration and improvement.
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Fundamental Mechanism Studies. Our experi-
ments observe a significant multilingual hybrid rea-
soning phenomenon, where factual supervision in
one language (e.g., English) improves performance
in another (e.g., Chinese). While this demon-
strates the strong transferability and robustness of
KnowRL, the underlying theoretical mechanism,
specifically how the model internalizes and trans-
fers these knowledge boundaries across language
distributions, warrants deeper investigation. Unrav-
eling this mechanism could provide fundamental
insights into the nature of chain-of-thought reason-
ing in large language models.

Extension to Multimodal Domains. The current
KnowRL framework is tailored for textual reason-
ing and factuality. However, real world informa-
tion often spans multiple modalities, such as inter-
preting charts in financial reports or analyzing dia-
grams in physics problems. Extending the atomic
fact verification mechanism to verify information
across visual or audio modalities represents a signif-
icant opportunity. Future work could explore adapt-
ing KnowRL to Vision-Language Models (VLMs),
enabling grounded reasoning in broader, multi-
sensory contexts.
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A Data Construction

We use part of the data extracted from NqOpen
(Kwiatkowski et al., 2019; Lee et al., 2019), as well
as data from WebQuestions (Berant et al., 2013)
and ComplexQuestions (Bao et al., 2016), as fac-
tual question data sources.

Initially, we filtered out trivial queries and ap-
plied semantic de-duplication to ensure data di-
versity. The remaining data underwent quality re-
finement and entity extraction via GPT-4o (see
Appendix I for detailed prompts). To address
the limitation of incomplete knowledge cover-
age in existing datasets (e.g., HotpotQA), we ex-
plicitly matched the extracted entities against the
Wikipedia dump3 to retrieve comprehensive fac-
tual contexts for each question. Finally, we applied
length constraints to screen the samples, resulting
in a robust dataset for stable training.

B Training Setups

We are training two 7B models, DeepSeek-R1-
Distill-Qwen-7B and Skywork-OR1-7B-Preview,
with Reinforcement Learning on 1×A800. Detailed
training hyperparameters are listed in Table 5.

Parameter Value

lora_rank 128
lora_alpha 256
torch_dtype bfloat16
per_device_train_batch_size 20
gradient_accumulation_steps 4
learning_rate 1.0e-5
beta 0.001
lr_scheduler_type cosine
warmup_ratio 0.03
vllm_gpu_memory_utilization 0.5
optim adamw_8bit

Table 5: Hyperparameter settings for RL training. Both
DeepSeek-R1-Distill-Qwen-7B and Skywork-OR1-7B-
Preview share these identical configurations.

C Case Analysis

To explore KnowRL’s impact on reasoning in fac-
tual tasks, we analyzed a reasoning case from the
KnowRL training process, detailing the model’s
emergent reasoning behaviors. As shown in Fig-
ure 6, these include Mixed-Language Reasoning,
Knowledge Anchoring, Cross-verification, and Key
Information Extraction. For simple factual tasks,

320231101.en, https://dumps.wikimedia.org/.

Figure 6: Case analysis of the KnowRL training process.

distinct from mathematical reasoning, the model
typically first proposes an initial answer (knowl-
edge anchoring) and subsequently verifies this ini-
tial answer through reasoning behaviors such as
reflection and cross-verification. This observed
process aligns with human cognitive approaches
when facing factual tasks, which further suggests
the suitability of an outcome-based, reward-driven
reinforcement learning training paradigm for open-
domain factual tasks.

D Training Dynamics of Different RL
Algorithms

As shown in Figure 8, the reward curves for all four
algorithms rise and stabilize, indicating success-
ful convergence. Figure 7 illustrates the training
dynamics of the DeepSeek-R1-Distill-Qwen-7B
model using BNPO, DAPO, and Dr.GRPO. A key
observation is that all three algorithms effectively
help the model establish clear knowledge bound-
aries to avoid hallucination. This effectiveness is
evidenced by the rapid decline in completion length
across all methods. The sharp drop indicates a be-
havioral shift where the model learns to provide
concise refusals instead of generating long and po-
tentially fabricated responses. This consistent pat-
tern confirms that these RL approaches successfully
guide the model toward reliable behavior and miti-
gate uncontrolled generation. Despite these shared
trends, the algorithms differ in training efficiency
and their impact on factual reasoning.
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Figure 7: Training Dynamics on DeepSeek-R1-Distill-Qwen-7B. We visualize the training curves of different RL
algorithms: (a) BNPO, (b) DAPO, and (c) Dr.GRPO.

E Scalability Analysis on Larger Models

We further evaluate the scalability of KnowRL by
extending our experiments to the DeepSeek-R1-
Distill-Qwen-14B model. As illustrated in Table 6,
KnowRL maintains its efficacy in mitigating hal-
lucinations while simultaneously enhancing rea-
soning capabilities. Notably, on SimpleQA, our
method significantly reduces the Incorrect Rate
from 83.00% to 68.33% while doubling the Re-
fusal Rate (13.33% to 26.33%). This shift indicates
that the model acquires a more precise awareness of
knowledge boundaries on larger architectures. Fur-
thermore, KnowRL preserves and even strengthens
complex reasoning performance, evidenced by the
improvement in GPQA Diamond accuracy from
46.97% to 51.01%. These results validate that the
benefits of our approach are robust and scalable
across different model sizes.
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Figure 8: Comparison of training reward curves across
different algorithms.

Metric Zero-shot KnowRL

TruthfulQA
Rouge 53.33 54.67
Bleu 50.33 55.00

SimpleQA
PAQ 4.23 6.17
Incorrect 83.00 68.33
Refusal 13.33 26.33
F1 3.93 6.14

ChineseSimpleQA
PAQ 29.18 31.07
Incorrect 63.33 61.33
Refusal 6.33 11.00
F1 28.23 29.28

GPQA Diamond
Accuracy 46.97 51.01

AIME
Accuracy 40.00 36.67

Table 6: Performance comparison on DeepSeek-
R1-Distill-Qwen-14B. The results demonstrate that
KnowRL consistently improves hallucination mitiga-
tion (SimpleQA) and reasoning (GPQA) compared to
the Zero-shot baseline.

F Evaluator Sensitivity Analysis

Metric Qwen2.5-72B-Instruct GPT-4o-mini

TruthfulQA
Rouge 57.00 57.33
Bleu 53.67 51.60

SimpleQA
PAQ 1.53 2.81
Incorrect 64.33 57.67
Refusal 34.67 40.67
F1 1.21 2.09

ChineseSimpleQA
PAQ 9.74 10.26
Incorrect 58.67 58.33
Refusal 35.00 35.00
F1 7.68 8.08

GPQA Diamond
Accuracy 38.38 36.87

AIME
Accuracy 33.33 33.33

Table 7: Robustness analysis of KnowRL using different
evaluator models during training.
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To confirm that the effectiveness of KnowRL is
not dependent on a specific reward model used dur-
ing training (e.g., GPT-4o-mini), we conducted an
ablation study by replacing it with Qwen2.5-72B-
Instruct (Team, 2024). As presented in Table 7,
the results demonstrate that KnowRL maintains
comparable performance across different evalua-
tors. Specifically, we observe that the model trained
with GPT-4o-mini exhibits more conservative be-
havior, achieving a higher Refusal Rate and a lower
Incorrect Rate on SimpleQA. In contrast, using
Qwen2.5-72B-Instruct yields slightly higher perfor-
mance on reasoning-heavy benchmarks like GPQA
Diamond, suggesting a subtle trade-off between
strict factuality enforcement and reasoning preser-
vation depending on the evaluator’s characteristics.
This confirms that the efficacy of our method stems
from the intrinsic KnowRL framework rather than
reliance on a specific external judge.

G Evaluation of Generative Diversity

To investigate whether KnowRL’s boundary-aware
training inadvertently leads to over-conservatism or
a loss of generative diversity, we evaluate our mod-
els using NoveltyBench (Zhang et al., 2025c). This
benchmark measures the ability of LLMs to pro-
duce diverse outputs for the same prompt. We con-
duct evaluations on the nb-curated (100 prompts)
and nb-wildchat (1,000 prompts) subsets, sampling
10 responses per prompt at a temperature of 0.6.
We report the distinct metric, which averages the
number of semantically unique equivalence classes
across generations.

Model nb-curated nb-wildchat

DeepSeek-7B 1.61 1.71
DeepSeek-7B + KnowRL 1.54 1.74

Skywork-7B 1.63 1.65
Skywork-7B + KnowRL 1.68 1.64

Table 8: Generative diversity (distinct scores) on Novel-
tyBench subsets.

As shown in Table 8, the variation in dis-
tinct scores after KnowRL training is extremely
marginal (±0.01 to ±0.07), indicating that the
model’s generative diversity remains intact. We
attribute this preservation to the use of Low-Rank
Adaptation (LoRA), which allows the model to
learn new boundary-aware behaviors while mitigat-
ing the catastrophic forgetting of its original gener-
ative capabilities. While KnowRL increases refusal
rates for out-of-knowledge queries to reduce hal-

lucinations, it does not compromise the model’s
creative breadth in open-ended scenarios. We note
that establishing an absolute “False Refusal Rate”
remains challenging due to the difficulty of probing
a model’s precise internal knowledge, which we
leave for future investigation.

H Implementation Details for Baselines

To ensure fair comparison and reproducibility, all
trainable baselines are fine-tuned using Low-Rank
Adaptation (LoRA) and utilize the exact same QA
training dataset as KnowRL. The specific imple-
mentation details for each baseline are described
as follows:

• Self-Refine (Prompt Engineering): The
model generates an initial response and then
performs self-critique to provide feedback. It
uses this self-feedback to refine its output iter-
atively. This “FEEDBACK → REFINE” loop
is repeated until a stopping condition is met,
specifically when it reaches a maximum of 5
iterations or when the model determines that
no further improvement is needed.

• SFT (Supervised Fine-Tuning): We train the
model using the correct reasoning processes
and final answers distilled from the DeepSeek-
R1 model as the target outputs.

• DPO (Direct Preference Optimization): We
construct the preference pairs by using the cor-
rect answer distilled from DeepSeek-R1 as the
“chosen” response, and the model’s own incor-
rect generation as the “rejected” response.

• FactTune-FS: Following the methodology of
the original paper (?), we sample multiple
responses from the model for a given prompt
and evaluate them using FactScorer. We then
construct DPO training pairs by selecting two
responses that have a FactScore difference
greater than 0.8.

• TruthRL: We adopt the exact same GRPO
training setup as KnowRL to ensure a strictly
fair comparison. We only change the reward
function to match TruthRL’s original design:
+1 for a correct answer, 0 for a refusal, and
−1 for an incorrect answer.
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I Prompts

Prompt Used by the GPT-4o for Data Filter-
ing

You are an entity extraction assistant that
identifies key entities in questions.
TASK:
1. First normalize the query by properly
capitalizing names, titles, and other named
entities
2. Determine if the query has sufficient
context to be answered meaningfully
3. Extract only the most important entities
from the query that are essential for answer-
ing it
RULES:
1. Extract a MAXIMUM of 2 specific enti-
ties (people, places, objects, works, etc.)
2. Output the MOST important entity first,
then the secondary entity (if any)
3. Extract precise named entities, not gen-
eral concepts or phrases
4. Keep related entities together as a sin-
gle entity (e.g., character names with their
roles)
5. Return individual entities rather than re-
lationships or possessive forms
6. Only extract truly representative entities
- ignore generic terms that don’t specifically
define the query
7. Only REJECT queries that meet the re-
jection criteria below
ONLY reject queries in these specific cases:
1. When the entity in the query is com-
pletely ambiguous (e.g., "Who is that per-
son?")
2. When the query lacks necessary qualify-
ing information (e.g., "Who will win?" with
no mention of what contest)
3. When the query is too vague to determine
its intent (e.g., "What happened to him?")
4. When the query is time-sensitive and con-
tains temporal references like "now", "cur-
rent", "latest", "recent", etc.
5. When the query lacks sufficient informa-
tion to determine a single definitive answer,
potentially leading to multiple correct inter-
pretations or answers
6. Be careful not to extract purely numerical
information such as a year as an entity

Note: Queries with historical context, pop
culture references, geographical locations,
or other well-defined entities should be AC-
CEPTED.
EXAMPLES:
Example 1:
Original Query: "who played barbara gor-
don batgirl?"
Normalized Query: "Who played Barbara
Gordon Batgirl?"
Output: Normalized Query: "Who played
Barbara Gordon Batgirl?"

Entities: ["Barbara Gordon Batgirl"]

NOT: ["Barbara Gordon", "Batgirl"] - This
is incorrect because "Barbara Gordon
Batgirl" is a single character entity.
Example 2:
Original Query: "what continent does arme-
nia belong to?"
Normalized Query: "What continent does
Armenia belong to?"
Output: Normalized Query: "What conti-
nent does Armenia belong to?"

Entities: ["Armenia"]

NOT: ["Armenia", "continent"] - The term
"continent" is a generic category, not a spe-
cific entity representative of this query.
Example 3:
Original Query: "who is niall ferguson’s
wife?"
Normalized Query: "Who is Niall Fergu-
son’s wife?"
Output: Normalized Query: "Who is Niall
Ferguson’s wife?"

Entities: ["Niall Ferguson"]

Example 4:
Original Query: "who was the italian leader
in ww1?"
Normalized Query: "Who was the Italian
leader in WW1?"
Output: Normalized Query: "Who was the
Italian leader in WW1?"

Entities: ["Italian leader", "WW1"]
Example 5:
Original Query: "who will play mr gray in
the film?"
Normalized Query: "Who will play Mr.
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Gray in the film?"
Output: Normalized Query: "Who will play
Mr. Gray in the film?"

REJECT (insufficient context - which
film?)
Example 6:
Original Query: "who is in charge of libya
now?"
Normalized Query: "Who is in charge of
Libya now?"
Output: Normalized Query: "Who is in
charge of Libya now?"

REJECT (time-sensitive query with
temporal reference "now")

Example 7:
Original Query: "what did werner heisen-
berg discover?"
Normalized Query: "What did Werner
Heisenberg discover?"
Output: Normalized Query: "What did
Werner Heisenberg discover?"

REJECT (lacks sufficient specificity -
Heisenberg made multiple discoveries)
Please try to output in this format:
Normalized Query: "The normalized ver-
sion of the query"
Entities: ["entity1", "entity2"]
If you need to reject, still include the nor-
malized query:
Normalized Query: "The normalized ver-
sion of the query"
REJECT (reason for rejection)
Extract key entities from this query: "query"
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