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Abstract

Large language models (LLMs), despite their
powerful capabilities, suffer from factual hallu-
cinations where they generate verifiable false-
hoods. We identify a root of this issue: the im-
balanced data distribution in the pretraining cor-
pus, which leads to a state of "low-probability
truth" and "high-probability falsehood". Recent
approaches, such as teaching models to say "I
don’t know" or post-hoc knowledge editing,
either evade the problem or face catastrophic
forgetting. To address this issue from its root,
we propose PretrainRL, a novel framework
that integrates reinforcement learning into the
pretraining phase to consolidate factual knowl-
edge. The core principle of PretrainRL is
"debiasing then learning." It actively reshapes
the model’s probability distribution by down-
weighting high-probability falsehoods, thereby
making "room" for low-probability truths to
be learned effectively. To enable this, we de-
sign an efficient negative sampling strategy to
discover these high-probability falsehoods and
introduce novel metrics to evaluate the model’s
probabilistic state concerning factual knowl-
edge. Extensive experiments on three public
benchmarks demonstrate that PretrainRL sig-
nificantly alleviates factual hallucinations and
outperforms state-of-the-art methods.

1 Introduction

LLMs (OpenAl, 2024; DeepSeek-Al, 2024;
Grattafiori and et al., 2024; Yang et al., 2025) have
recently drawn significant attention for their strong
capabilities in natural language processing (NLP).
Although LLMs show powerful knowledge reten-
tion, LLMs suffer from ubiquitous and difficult-to-
cure hallucination issues. The taxonomy of such
hallucinations is constantly evolving, generally cat-
egorized as factuality-related, instruction-related,
and logic-related errors (Ji et al., 2023; Tonmoy
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Figure 1: Overall comparison on POPQA

et al., 2024; Zhang et al., 2025). In this work, we
focus on factual hallucinations, where model gen-
erations contain clear and verifiable errors. This
type of hallucination is arguably the most funda-
mental and has the most extensive impact, since it
pertains to statements that can be easily disproven
with ground-truth knowledge. For example, when
the user ask “What is the capital of Arno?”, and
LLM response is that “Rome”, however the answer
is “Florence”.

Several efforts have been made to address or
alleviate factual hallucinations. A prevalent ap-
proach is to teach LLMs to say “I don’t know”
(IDK) when uncertain (Lin et al., 2022; Cao, 2023;
Manakul et al., 2023). This involves learning a
preference for refusing to answer when generation
probabilities are low, implemented through prefer-
ence alignment, novel decoding methods, or spe-
cialized loss functions. While this direction is safe
and effective at avoiding hazardous responses, it
has notable drawbacks: models can become “lazy”
by over-producing IDK responses, which in turn
restricts generative diversity (Kadavath et al., 2022;
Touvron et al., 2023; Bai et al., 2022). Crucially,
this method cannot directly resolve factual halluci-
nations, but merely conceals them. Another line of
research, known as knowledge editing (Cao et al.,
2021; Meng et al., 2022a,b; Zheng et al., 2023;
Wang et al., 2024c¢), aims to efficiently and pre-
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cisely correct factual errors. This involves locating
and making subtle modifications to the parameters
associated with a specific fact. However, the core
challenge lies in its scalability; a large number of
edits can degrade overall capabilities and lead to
catastrophic forgetting (Mitchell et al., 2021).

Although teaching models to say IDK does not
address factual hallucinations at its root, it points to
a core source: truths have a low generation proba-
bility. More accurately, low-probability truth and
high-probability falsehood jointly cause halluci-
nations. This phenomenon exists widely in LLMs,
and the in-depth reason lies not in noisy or pol-
luted data, but in the pretraining paradigm itself
(Xu et al., 2024; Kalai et al., 2025). The next-token
prediction (NTP) objective forces the model to fit
the corpus data distribution, which is essentially
a density estimation (Radford et al., 2018). How-
ever, an imbalanced data distribution is inevitable
(Gao et al., 2020; Roberts et al., 2020). For cer-
tain knowledge domains, this imbalance is extreme:
a small amount of “head knowledge” occupies a
high cumulative density. In this scenario, head
knowledge can interfere with the memorization
of “tail knowledge” during training, causing “head
falsehoods” (i.e., high-probability falsehoods). For
instance, if a corpus contains factual knowledge
of “Brand A shoes are red” 1,000 times more fre-
quently than “Brand B shoes are blue,” an LLM
may learn a shortcut to associate “shoes are” with
“red,” degrading from learning a conditional proba-
bility to a marginal one and leading to severe hallu-
cinations. This kind of degradation can also occur
for more common data distributions.

The critical challenge is to consolidate this tail
knowledge without disrupting existing knowledge.
Moditying the corpus distribution is ill-advised
as it can introduce new biases. Post-training is
also inappropriate, as the model’s knowledge is
more “rigid” at this stage, and aggressive knowl-
edge injection can cause catastrophic forgetting
or pattern collapse. Therefore, we propose Pre-
training Reinforcement Learning, a framework
that consolidates knowledge during the pretraining
stage. The core principle of PretrainRL is “debi-
asing then learning”: first lowering the probability
of falsehoods to “make room,” then increasing the
probability of truths. Unlike simply continual pre-
training (Wang et al., 2024a; Shi et al., 2024; Ke
et al., 2023), which focuses only on learning, this
debiasing step is crucial given the limited capacity
of parametric knowledge storage. We leverage di-

rect preference optimization (DPO) (Rafailov et al.,
2023) for this “probability reshaping.” The main
challenge then becomes discovering the rejected
samples (i.e., head falsehoods) for DPO, which de-
termines the room for truth learning. We design an
efficient sampling approach to obtain high-quality
rejected samples for DPO. Furthermore, we intro-
duce three metrics to better monitor and evaluate
the state of the model’s generation probability. The
contributions of our work are three-fold as follows:

* We reveal that the core source of factual halluci-
nation is the imbalanced distribution in the pre-
training corpus and propose PretrainRL, which
novelly introduces an RL method to alleviate fac-
tual hallucinations during the pretraining phase.

* We propose an efficient and effective method for
negative sampling, boosting DPO’s effectiveness
on probability reshaping. We also introduce cru-
cial metrics for a comprehensive evaluation of
the model’s probabilistic state.

* Thorough and extensive experiments on three
public benchmarks demonstrate the superior per-
formance of the proposed PretrainRL compared
to other state-of-the-art LLMs. Further analysis
provides insights into the study of hallucination.

2 Preliminary

2.1 Knowledge Graph

A knowledge graph (KG) is a structured represen-
tation of factual knowledge, where entities (nodes)
are interconnected by relations (edges) (Hogan
et al., 2021; Chen et al., 2020). KGs serve as a
foundational resource for a wide range of NLP
tasks by providing explicit, verifiable world knowl-
edge. The basic unit of a KG is the knowledge
triple, a structured assertion of a fact in the form
of (s,p,0). Here, s is the subject (i.e., head en-
tity), o is the object (i.e., tail entity), and r is the
predicate (i.e., relation that connects them). For
example, the factual statement “Paris is the capital
of France” can be represented as the triple (Paris,
capitalOf, France). The subject Paris and ob-
ject France are entities, while capitalOf is the
relation describing their semantic connection. This
triple-based structure allows for the systematic or-
ganization of complex information. In the context
of LLMs, KGs offer a crucial, external source of
ground-truth information, providing a pathway to
verify model-generated statements and mitigate fac-
tual hallucinations.
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2.2 Next Token Prediction

The predominant pretraining objective for auto-
regressive LLMs is Next-Token Prediction
(NTP). Given a sequence of tokens = =
{z1,x2,...,xi_1}, the model is trained to predict
the next token z; by maximizing its conditional
probability. Formally, the objective is to minimize
the negative log-likelihood (NLL) over a large-
scale pretraining corpus D:

||

Late = —Epup » _log P(ailz<i36) (1)
i=1

where x is a sequence in the corpus, x; denotes
the preceding tokens, and 6 represents the model
parameters. This self-supervised objective compels
the base model to internalize a large amount of syn-
tactic, semantic, and factual knowledge from the
training data in order to make accurate predictions.
By fitting the data distribution of the pretraining
corpus (i.e., density estimation), the model essen-
tially learns a statistical representation of the world.
However, the model’s learned distribution is sus-
ceptible to biases present in the data, such as the
frequency imbalance of factualities, which is a pri-
mary source of hallucination.

3 Methodology

We first analyze the source of the factual hallucina-
tion of LLMs, then provide the solution to address
this issue.

3.1 Source of Factual Hallucination

The KG triple can be considered to be the basic
unit of the factuality in corpus. Suppose that the
triple (s, p, 0) is a factual knowledge in sequence
2. Then, minimizing NLL loss can also maximize

P(o|s,p;0), @)

which is a conditional probability of the object.
As in the previous statement, the critical source of
factual hallucinations is low-probability truth and
high-probability falsehood. To put it more deeply,
the imbalanced distribution of knowledge causes
such probability error of LLMs.

Given a certain knowledge category, suppose
that this imbalanced data structure consists of only
two types of triples, D1 = (s1,p,01), D2 =
(s2,p,02). The frequency of D; far exceeds that
of Dy, which means that frequency &; may be hun-
dreds of frequency &5 in the corpus. We call Dy, Do

head knowledge and tail knowledge, respectively.
The NLL loss is then partially maximizing the
weighted sum of conditional probability of head
and tail knowledge, formed as

&1P(o1|s1,p;0) + E&2P(02]s2,p;6),  (3)

where &1, & is the frequency, and & > &. As
such an imbalanced knowledge exists widely in
corpus, the pretraining task (i.e., NTP) may force
LLMs to take shortcuts to obtain this objective.
Specifically, LLMs tend to neglect the subject s
of the context, instead degrading to learn a margin
P(o|p; 0) of conditional probability. In this case,
LLM have a high probability P(o1|p; @) to predict
object o1, regardless of given context s; or s3. Con-
sequently, head knowledge D; successfully perme-
ates tail knowledge D5, leading to severe factual
hallucination. From the perspective of the attention
mechanism, LLMs learn high attention scores on
predicate p, and low attention scores on subject s.
This is the reason that, even though we emphasize
the subject in the prompt, LLMs will persist in out-
putting a popular answer rather than the correct
answer.

3.2 Negative Sampling

The previous theoretical analysis points out that
head knowledge D; squeezes the memory room
of tail knowledge D>, resulting in very low condi-
tional probability P(o2|s, p; 0) so as to degenerate
to a marginal probability. To address this issue, the
primary task is to locate those head knowledge (i.e.,
negative samples) that affect LLMs’ memory of the
tail and need to be debiased. The most intuitive
way is to classify knowledge into multiple cate-
gories, and then use the popularity or frequency of
the knowledge in each category to obtain the quan-
tiles of knowledge. The quantiles decide whether
the knowledge belongs to head. However, the pre-
training corpus is usually not available for us. Even
if we can access the corpus, calculating popularity
of knowledge is complicated, since the forms of
text are irregular.

Therefore, we propose an efficient sampling
method to obtain negative samples, using the beam
search decoding method. Specifically, given a
knowledge triple (s, p,0), we use a prompt con-
sisting of s, p and ask LLMs to continue (see Ap-
pendix A for prompt details), where we use beam
search to let LLM decode several answers. Then
we obtain the probability of each answer using the
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probability of cumulative multiplication of all to-
kens. Notice that ground truth o should be filtered
out. We order the answers with probability and get
the negative samples using a threshold or a preset
quantity (e.g., 5,10). The negative samples ob-
tained directly reflect the LLM’s inherent bias for
head knowledge, which are actually our targets.
Furthermore, since models inherently prioritize
generating head knowledge for a given question
category, a subset of the full dataset suffices to
statistically approximate the head knowledge dis-
tribution. Taking EntityQuestions (170k instances)
as an example, computing statistics over the entire
dataset is computationally redundant. We sample
1k instances per question category and count the
top 20 high-frequency object, then compare this
distribution with the top 20 obtained from the full
dataset. The cosine similarity between the two fre-
quency distributions is 0.88, and the Spearman rank
correlation is 0.85, indicating that the sampled dis-
tribution closely matches the full-data distribution
and confirming the effectiveness of our approach.

3.3 Optimization: PretrainRL

Our target is to reshape the model’s probabilities
of knowledge to avoid factual hallucinations. As
is well known, RL is designated for lossless proba-
bility reshaping. In addition, selecting the specific
optimization approach and timing is also crucial.

3.3.1 Methods: DPO

We can easily obtain the negative samples (i.e., us-
ing sampling methods as mentioned in Section 3.2)
and positive samples (i.e., the ground truth) of
knowledge. Therefore, the natural approach is
to use direct preference optimization (DPO) for
probability reshaping. As factual knowledge is ver-
ifiable, reinforcement learning with verifiable re-
wards (RLVR) methods (Lambert et al., 2024; Shao
et al., 2024) is an alternative. However, RLVR is
inefficient in the pretraining stage, as the amount
of knowledge is gigantic. Moreover, DPO matches
more closely with our proposed efficient negative
sampling methods in Section 3.2. Thus, we choose
DPO as the optimization method to mitigate factual
hallucinations.

3.3.2 Timing: Pretraining

RL or SFT methods are typically applied in the
post-training stage. However, as discussed in the
introduction, post-training often serves preference
learning, rather than large-scale knowledge injec-

tion. Since the posttrained model is resistant to
knowledge injection (Table 2), decreasing the upper
bound. Moreover, intensive knowledge learning in
the posttraining phase can lead to catastrophic for-
getting, as demonstrated in Section 4.5. In contrast,
pretrained models contact massive and diverse data,
and possess unparalleled breadth and coverage of
knowledge. Moreover, pretrained models have
better plasticity, making it easier for us to per-
form large-scale probability reshaping (Dong et al.,
2025). So we select the pretraining stage to per-
form RL methods for debiasing. Consequently, this
approach is named PretrainRL. Specifically, we
implement PretrainRL during the continual training
(CT) phase.

3.3.3 Objective

For a KG triple (s, p, 0), our goal is to unlearn neg-
ative samples (i.e., debiasing the falsehood) and
train positive samples (i.e., learning the truth). We
apply general DPO loss by masking the prompt
x5 p(i.e., synthesized from s, p), focusing on learn-
ing the object 0. The DPO loss can be formed as
follows:

Lopo = ~E(spo)~p
7o (0|5 p) mo(0r] s p) >
log o log ———~ — Blog ————=~ |,
& <B gﬂref(owu&p) 4 gﬂ'ref(ol‘m&p)

where 7y is the policy model being optimized,
while 7t is a frozen reference model (i.e., a pre-
trained model). The hyperparameter 3 controls the
strength. This objective encourages the model 7y
to increase the relative log-probability of the win-
ner response oy, (i.e., ground truth o) compared to
the loser response o; (i.e., negative sample related
to 0).

However, two challenges restrict the effective-
ness of DPO in probability reshaping. First, when
the conditional probability P(oy|s,p; ) is very
low, DPO forces P(oys, p; #) to be lower, instead
of increasing P(oy|s, p; #). Second, simply apply-
ing DPO is not coordinated with the pretraining
paradigm, raising the risk of pattern collapse. To
maintain the model’s core language capabilities,
meanwhile, enhancing DPO’s effects to boost prob-
ability reshaping, we incorporate a standard NLL
loss (Dubey et al., 2024) (i.e., CT loss). It is formu-
lated as:

|Z5,p,0]

Ler = —Egpoep Y logm(wilre). (5)
t=1
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Table 1: Overall Comparison

Method PopQA Wikidata-knowledge infusion
ACC (%) HR (%) MRR (%) Prob (%) |ACC (%) HR (%) MRR (%) Prob (%)

Qwen3-4B 13.05 31.60 15.17 12.38 20.65 66.96 31.49 4.44
Prompt (CoT) 10.92 32.47 14.78 10.92 20.02 65.97 30.12 4.24
DPO initialized from Qwen3-4B 9.67 18.06 11.02 33.88 33.84 47.46 37.54 18.42
Continual Training (CT) 29.97 60.36 32.94 20.92 37.42 79.32 45.89 2.57
Iterative RPO 32.50 49.30 25.12 20.77 30.23 72.23 41.63 1.69
PretrainRL(ours) 37.69 66.39 40.51 31.42 46.20 78.98 54.11 7.16
Qwen3-8B 16.32 37.06 18.60 18.60 23.96 70.43 34.81 5.51
Prompt (CoT) 15.54 37.57 17.97 12.14 23.96 70.43 34.81 5.51
DPO initialized from Qwen3-8B 13.08 22.17 13.92 42.11 38.51 49.49 41.70 51.41
Continual Training (CT) 38.53 69.17 41.93 27.50 31.45 78.78 41.47 4.51
Iterative RPO 41.23 48.13 32.28 40.83 33.50 75.13 44.71 1.98
PretrainRL(ours) 48.61 74.92 51.51 40.48 47.58 77.10 55.98 11.10
Llama3-8B 23.66 48.69 26.35 23.10 27.60 74.14 38.43 7.54
Prompt (CoT) 24.28 49.68 27.06 21.32 27.71 73.72 37.77 6.15
DPO initialized from Llama3-8B | 15.68 26.02 16.93 42.28 54.42 62.54 57.12 28.39
Continual Training (CT) 13.40 33.18 16.53 20.10 53.16 89.35 63.70 18.33
Iterative RPO 33.83 32.63 22.64 28.17 58.92 79.72 59.24 5.34
PretrainRL(ours) 50.16 51.38 38.63 30.67 64.69 80.79 70.74 11.01

This CT loss serves as a regularization term, an-
choring the model’s distribution to the high-quality
chosen responses (i.e., ground truth o). The final
loss function is a linearly weighted sum of the two
components:

Lpremraink. = Lppro + ALcT (6)

3.4 Evaluation metrics

The previous analysis indicates that the imbalanced
training of knowledge results in low conditional
probability P(o|s, p; #) of tail knowledge. To eval-
uate the mastery of knowledge, we can ask LLM to
complete a continuation or QA tasks given context
s, p. However, traditional metrics, such as accu-
racy, cannot intuitively evaluate the overall state
of probabilities. Therefore, we apply the beam
search decoding method, aligning with proposed
negative sampling, and introduce three metrics to
comprehensively address this challenge. Suppose
the beam size is k, we define the metrics as follows.

» Hit Ratio (HR@Kk): HR is a binary metric that
indicates whether LLLMs output at least one cor-
rect answer among all beam search responses. It
demonstrates the diversity, which is commonly
high for a base model.

* Mean Reciprocal Rank (MRR @k): MRR eval-
uates a beam search list by averaging the recip-
rocal of the rank (ordered by Prob) of the first
correct answer across all responses. This is a
metric that balances between Prob and HR.

¢ Probability (Prob@Xk) This value reflects the
model’s confidence in a particular continuation.
It only counts when the responses of beam search
hit the correct answer.

Equipped with these metrics (i.e., Acc, HR, MRR,
Prob), we can comprehensively assess the LLMs’
mastery of knowledge. Furthermore, such metrics
are also friendly to base model, which is beneficial
for exploration of hallucination-mitigation methods
in pretraining phase.

We demonstrate Qwen’s mastery of knowledge
on POPQA, using the above metrics. The results
show that the metric HR is high, indicating that
Qwen has trained this knowledge. Nevertheless,
the metrics MRR and Prob are relatively low, lead-
ing to a low accuracy of this knowledge (i.e., fac-
tual hallucination). This phenomenon is much
more severe for tail knowledge, according to the
previous discussion of tail and head knowledge.
Moreover, scaling up the model size has limited
effect on mitigating this issue.

4 Experiments

4.1 Experimental Setup

Datasets We use POPQA (Mallen et al., 2023),
Wikidata-knowledge infusion (Lv et al., 2025), and
EntityQuestions (Sciavolino et al., 2022) as the
datasets in our experiments. These datasets pri-
marily focus on evaluating the factual knowledge
of models, and all of them exhibit long-tail distri-
butions. More detailed datasets are provided in
Appendix B.1.
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Models We select the Qwen3-4B, Qwen3-7B,
Qwen3-14B (Yang et al., 2025) and Llama3-8B
(Grattafiori and et al., 2024) for our experiments.
In our experiments, we utilize the base versions
of all models, which have not undergone instruc-
tion tuning or other forms of post-training. As dis-
cussed earlier, our method focuses on consolidat-
ing factual knowledge during the pretraining stage
while minimizing impacts on other knowledge. In
contrast, instruct-tuned models have undergone ex-
tensive post-training, which make their embedded
knowledge more rigid and difficult to modify. Be-
sides, fine-tuning instruct model on such tasks often
yields marginal improvements and can sometimes
lead to performance degradation (Wu et al., 2025).
We apply our method to both base and instruct-
tuned models. The results in Table 2 demonstrate
that Base-version models provide greater "learn-
able room" for improvement compared to instruct
models when applying our approach.

Table 2: Compare Base and Instrcut Model

Method | ACC (%) HR (%) MRR (%) Prob (%)
Qwen3-4B-Instruct |  10.70 24.09 12.32 32.30
w/ PretrainRL 33.21 60.62 35.93 36.90
Qwen3-4B-Base 13.05 31.60 15.17 12.38
w/ PretrainRL 37.69 66.39 40.51 31.42
Qwen3-4B-Instruct |  18.09 55.17 26.44 20.83
w/ PretrainRL 41.59 73.62 50.94 24.21
Qwen3-4B-Base 20.65 66.96 31.49 4.44
w/ PretrainRL 46.20 78.98 54.11 7.16

Implementation Details In our method, we first
evaluate the base model on the POPQA (Mallen
et al., 2023), Wikidata-Knowledge Infusion (Lv
et al., 2025), and EntityQuestions (Sciavolino et al.,
2022) datasets, while simultaneously recording
the model’s own knowledge recall for these ques-
tions. Following the procedure described in Sec-
tion 3, we then compute the high-frequency at-
tribute values the model tends to produce for this
class of questions and use them as the pool of
negative candidates. In all experiments, for each
training instance we randomly sample five neg-
atives from the top 20 candidate pool, yielding
five positive—negative pairs for each question.we
repeat the POPQA dataset three times during
training, expanding it from 13k to 38k samples.
Similarly, the EntityQuestions dataset is repeated
twice, increasing its size from 17k to 34k sam-
ples. All experiments are conducted for one epoch
of training. We use a simple template “{Ques-
tion } { pos }<pad>{Question}{neg}” to format all
of preference pairs (more details can be seen Ap-

pendix A). We employ the AdamW optimizer with
a fixed weight decay of 0.1. The learning rate is
set to 3e-5 for POPQA and Wikidata-Knowledge
Infusion, and to 2e-5 for EntityQuestions. The co-
efficient S in the DPO loss is tuned in 0.05, 0.1,
0.5, 1.0, and we end up using 0.1 in this experi-
ment. For a fair comparison, all experiments share
identical training hyperparameters. After training,
we evaluate model performance using ACC, Hit,
MRR, and Prob with beam size £ = 50, as defined
in Section 3.4. We evaluate all models with the
temperature set to 0. All training was conducted
on eight HS00 GPUs.

4.2 Main Results

PretrainRL improves over baselines. We compare
against Chain-of-Thought(CoT) (Wei et al., 2023),
Direct Preference Optimization(DPO) (Rafailov
et al., 2023), Continued Training(CT), and iterative
RPO (Pang et al., 2024). We apply the standard
DPO to the same set of preference pairs, initializing
from the Qwen3-4B-Base. We also evaluate sev-
eral mainstream closed-source LLMs, which have
larger parameter scales and exhibit advanced rea-
soning capabilities. As shown in Figure 1, despite
their impressive capabilities, these closed-source
LLMs perform poorly on long-tail datasets like
POPQA, exhibiting high hallucination rates (Sun
et al., 2024). In Table 1, we demonstrate that Pre-
trainRL substantially enhances the model’s fac-
tual memorization and significantly outperforms
baselines as well as the evaluated closed-source
LLMs. Notably, the improvements are even more
pronounced for long-tail distribution dataset.

Table 3: Scaling model size

Method ‘ ACC (%) HR (%) MRR (%) Prob (%)
Qwen3-4B 13.05 31.60 15.17 12.38
w/ PretrainRL | 37.69 66.39 40.51 31.42
Qwen3-8B 16.32 37.06 18.60 18.60
w/ PretrainRL | 48.61 74.92 51.51 40.48
Qwen3-14B 19.41 41.57 21.90 20.10
w/ PretrainRL | 63.44 84.28 65.58 48.08

4.3 Scalability Study

To further validate the effectiveness of our method,
we conduct experiments on a larger-parameter
model (Qwen3-14B-Base). As shown in Table
3, PretrainRL consistently enhances performance
even for models with substantially larger parameter.
The increased parameter inherently strengthens the
model’s learning capability and provides greater
room for knowledge consolidation. This enables
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PretrainRL to more effectively unlock and refine

Table 5: Ablation Study

the latent knowledge embedded in the LLM, par-  Method |ACC (%) HR (%) MRR (%) Prob (%)

ticularly leveraging the enhanced representational PopQA

w/o NTP 9.67 18.06 1102 33.88

_ , _ w/o DPO 2997 6036 32.94 20.92

Table 4: PretrainRL on EntityQuestions w/ PretrainRL| 37.69 6639 4051 31.42

Method |ACC (%) HR (%) MRR (%) Prob (%) Qwen3-8B 1632 3706  18.60 18.60

Qwen3 4B 1639 4453 2049 788 w/o NTP 13.08  22.17 13.92 42.11

o : ' ) : w/o DPO 3853 69.17 41.93 27.50

wP ’”’“’”RL‘ 2822 5623 3148 207 W/ PretrainRL| 4861 7492 5151 4048
Qwen3-8B ‘ 2145 5197 25.66 8.90 —

w/ PretrainRL |  31.39 61.87 35.02 25.46 Qwen3-4B 20.65 66.96 31.49 444

, ) w/o NTP 33.84 4746  37.54 18.42

To further validate the effectiveness of our w/o DPO 3742 7932 45.89 257

method on a larger-scale dataset, we evaluate it w/ PretrainRL | 4620 7898  54.11 7.16

on EntityQuestions, a dataset sharing a long-tail Qwen3-8B 23.96 70.43 34.81 5.51

e . o w/o NTP 3851 4949  41.70 51.41

dl.str'lbutlon W-lth POPQA buF containing over 1.75 wo DPO 3145 7878 4147 451

million questions. For each instance, we generate w/ PretrainRL| 4758  77.10  55.98 11.10

five negative example pairs, resulting in 8.7 mil-
lion training instances for PretrainRL. As shown in
Table 4, both models exhibit significant improve-
ments on EntityQuestions, aligning with our results
on other datasets. These consistency underscores
the scalability and generalizability of our approach
across varying model sizes and data scales.

4.4 Ablation Study

In this section, we conduct ablation studys to in-
vestigate the contributions of each component of
PretrainRL to model performance. In our experi-
ments, w/o NTP removes the next-token prediction
(NTP) loss term from the total loss and computes
only the DPO loss on the preferred pairs for pref-
erence optimization; w/o DPO removes the DPO
loss and computes only the NTP loss, equivalent to
standard continual pretraining. For fairness, all ex-
periments use the same amount data. As reported in
Table 5, removing the NTP loss (w/o NTP) reduces
accuracy and hit rate but substantially increasing
the probability of generating chosen (winning) re-
sponses. Meanwhile, removing the DPO loss (w/o
DPO) helps consolidate the model’s factual knowl-
edge, but in essence increases the frequency of
long-tail knowledge by optimizing the corpus dis-
tribution. However, this approach risks suppressing
other knowledge, as evidenced by the decreased
Prob metric on the Wikidata-knowledge infusion
dataset. In contrast, PretrainRL balances these
trade-offs by learning knowledge during continual
pretraining while reshaping the model’s probabil-
ity distribution to make room for learning truthful
responses, ultimately yielding comprehensive im-
provements.

We compare different sampling strategies to val-

idate the effectiveness of our rejected sampling
method. Concretely, we partition POPQA by quan-
tiles of attribute-value popularity, designating the
top 10% of attribute values by popularity as head
attributes and treating the remainder as mid-tail
attributes. For each instance, rejected samples
are randomly drawn from the head attribute pool.
Aside from the sampling strategy, all experimental
settings are kept identical. As shown in Apendix
C, our method demonstrates superior performance.
Popularity-based sampling relies on an externally
defined popularity metric and a rule-based parti-
tioning of high-frequency knowledge, making it
susceptible to dataset-specific distribution biases.
In contrast, PretrainRL identifies high-frequency
knowledge based on the model’s intrinsic probabil-
ity distribution during generation, more faithfully
reflecting the model’s internal knowledge.

Table 6: Performance on different benchmarks

Method | CEval MMLU MATH GSMSK BBH
Qwen3-4B 50.81 5239 1446  83.62 71.80
w/ PretrainRL | 49.06  52.01 1722 8097 66.07
w/ SFT 29.38  31.76 0.26 0.53 4.02

4.5 Generalization Study

Prior studies (Charton and Kempe, 2024; Lv et al.,
2025) have shown that excessive knowledge in-
fusion does not always yield proportional bene-
fits, and fine-tuning models for specific capabili-
ties may inadvertently compromise performance on
downstream tasks. To validate the generalizability
and robustness of our method, we evaluate model
trained with PretrainRL on diverse benchmarks:
CEval (Huang et al., 2023), MMLU (Hendrycks
et al., 2021), MATH (Wang et al., 2024b), GSM8K
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(Cobbe et al., 2021), and BBH (Suzgun et al., 2022).
All evaluations are conducted using the OpenCom-
pass (Contributors, 2023). As shown in Table 6,
PretrainRL does not cause any noticeable decline
in overall performance, indicating that the improve-
ments are not achieved at the expense of other abili-
ties. In contrast, models fine-tuned via SFT exhibit
substantial performance collapse on downstream
tasks, highlighting PretrainRL’s unique ability to
balance knowledge consolidation with general ca-
pability preservation.

4.6 Case Study

The imbalanced data distribution in training cor-
pora leads LLM to exhibit a strong bias toward
generating head knowledge when answering ques-
tions, while long-tail knowledge often degrades
from conditional probability estimation to marginal
probability approximation, resulting in severe hal-
lucinations. In our method, we employ beam search
decoding to obtain negative samples while simul-
taneously capturing the probability distribution of
candidate answers. For instance, for the question
“What is Yungay the capital of?”, beam search re-
trieves the top 50 candidate answers, including the
ground truth "Yungay Province", which ranks 29th
with a probability of 5.5802e — 33. This indicates
that while the model retains latent memory of the
correct answer, its marginal probability estimation
fails to prioritize truthful responses. PretrainRL
addresses this by debiasing the model’s probabil-
ity distribution for long-tail knowledge, thereby
mitigating hallucinations. Figure 2 visualizes the
probability distribution before and after training
for a representative instance. At the beginning,
the model initially assigns negligible probability to
the correct answer. After PretrainRL, the answer’s
probability is significantly recalibrated and stabi-
lized, demonstrating the method’s effectiveness in
aligning knowledge recall with factual accuracy.

5 Related work

Hallucination has been a fundamental challenge
in LLMs and has received extensive attention in
existing studies (Sahoo et al., 2024; Kalai et al.,
2025; Liu et al., 2025). At the data level, prior re-
search (Kamalloo et al., 2023; Pal et al., 2023) seek
to reduce the interference caused by noise, factual
inaccuracies, and conflicting data by constructing
higher-quality training corpora. Nevertheless, cor-
pus imbalance is difficult to avoid. At the training

Top 10 Token Output Probability

James Brown oor Isaac Powell

0.30

Miles Davis 0.06 Quincy Jones
Isaac Hayes 005 Miles Davis 02
John Williams ™ Michael Jackson 0.20
Bill Lee Will Smith L 015

Jimmy Jam Lance Rhodes

James Bond Al Green

0.01 -0.05
George Duke Terry Lewis
Jimmy Webb Nile Rodgers

(a) Base Model (b) w/ PretrainRL

Figure 2: The output of the model for the question “Who
was the composer of Shaft?”.

strategy level, most work (Song et al., 2025) fo-
cuses on enabling models to say “I don’t know”
when they lack confidence in answering a ques-
tion. Along this line, several approaches employ
self-refinement mechanisms where models improve
output accuracy through post-hoc feedback or inter-
nal reasoning processes. In addition, knowledge in-
jection and Reinforcement Finetuning approaches
have been explored to mitigate hallucinations. No-
tably, recent investigations (Gudibande et al., 2023;
Gekhman et al., 2024) reveal that fine-tuning on
unpopular factual knowledge may encourage hal-
lucinations and LLMs struggle to integrate new
knowledge through fine-tuning. To alleviate hal-
lucinations concerning unpopular knowledge, we
conduct an in-depth investigation from the perspec-
tive of the pretraining paradigm.

6 Conclusion

In this paper, we identify the imbalanced data dis-
tribution in pretraining corpora as a root cause of
factual hallucinations. To address this at its source,
we propose PretrainRL, a novel framework that in-
tegrates reinforcement learning into the pretraining
phase. Guided by a “debiasing then learning” prin-
ciple, PretrainRL leverages DPO and an efficient
negative sampling strategy to reshape the model’s
probability distribution, making room for factual
knowledge to be consolidated. Extensive exper-
iments on three public benchmarks demonstrate
that PretrainRL significantly alleviates factual hal-
lucinations. Our work presents a paradigm shift
towards a more fundamental “pretrain-and-align”
approach for instilling factual reliability, moving
beyond post-hoc corrections.
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Limitations

In our sampling procedure, to improve efficiency,
we aggregate the head knowledge generated by the
model for each question category and select the cor-
responding head knowledge as negative samples,
which presupposes that the dataset offers a mean-
ingful distinction among question categories. If
the dataset lacks such differentiation, the sampling
strategy can be flexibly substituted with alterna-
tive methods such as RLVR to maintain robustness.
This adaptability ensures that PretrainRL remains
applicable across diverse data structures while pre-
serving its core objective of mitigating hallucina-
tions through targeted negative sampling.
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A Prompt
A.1 Question Answering Prompt (Few-shot)

Table 7: Question answering (Few-shot).

Answer the following questions in as few words as possible.

Question: What is the capital of China?
Answer: Beijing

Question: What'’s the job of Song Kang-ho in Parasite (2019)?
Answer: actor

Question: {QUESTION}
Answer:

A.2 Question Answering Prompt (CoT)

Table 8: Question answering (CoT).

Your task is to answer the question below. Give step by step reasoning
before you answer,and when you’re ready to answer. Answer the question
in as few words as possible.

Question: What is the capital of China?
Answer: Beijing

Question: What’s the job of Song Kang-ho in Parasite (2019)?
Answer: actor

Question: {QUESTION}
Answer:

A.3 Training data template

Table 9: Training data template

{Question }{pos}<pad>{Question}{neg}

Example:
What is the capital of Arno? Florence<pad>What is the capital of Arno?
Rome

B Dataset

B.1 Dataset Description

POPQA! is created by sampling knowledge triples
from Wikidata and converting them to natural lan-
guage questions, followed by popularity calcula-
tion. The whole dataset consists of 14k questions.
To avoid knowledge conflicts during the learning
process, we deduplicated the POPQA dataset by re-
taining only subject entities that have a unique cor-
responding property entity, resulting in a final set
of 13k questions. Wikidata-knowledge infusion®
follows a similar construction process to POPQA,
aggregating factual triplets from Wikidata and se-
lecting six common relationship types to form 28k
"https://github.com/AlexTMallen/
adaptive-retrieval

2https ://huggingface.co/datasets/RJZ/wikidata_
triple_en

questions. To balance category disparities, we per-
form sampling on each category, yielding a final
dataset of 16k questions. To validate the effective-
ness of our method on a larger-scale, we also con-
duct experiments on EntityQuestions>, another pop-
ular open-domain QA dataset. Similar to POPQA,
EntityQuestions uses Wikipedia hyperlink counts
as a proxy for entity frequency and samples knowl-
edge triples from Wikidata based on frequency dis-
tributions. After deduplicating subject entities, we
obtain a final set of 1.75 million questions. The
aforementioned datasets vary in size but all fea-
ture long-tail distributions. Following in POPQA,
we analyze the popularity distribution of attribute
values.

B.2 Statistics of the evaluation dataset

Table 10: Statistics of POPQA

Relation Question template Count
occupation ~ What is {s}’s occupation? 531
father Who is the father of {s}? 562
country In what country is {s}? 824
director Who was the director of {s}? 1784
composer Who was the composer of {s}? 880
place of birth In what city was {s} born? 584
color What color is {s}? 34
religion What is the religion of {s}? 326
capital of What is {s} the capital of? 255
producer Who was the producer of {s}? 1320
author Who is the author of {s}? 1408
genre What genre is {s}? 1530
screenwriter Who was the screenwriter for {s}? 1671
mother Who is the mother of {s}? 187
capital What is the capital of {s}? 622
Total-Count 12,518

Table 11: Statistics of Wikidata-knowledge infusion

Relation Question template Count
capital What is the capital of {s}? 421
industry What is the industry of {s}? 4000
location What is the location of {s}? 4000
material What is the material of {s}? 4000
color What is the color of {s}? 3627
shape ~ What is the shape of {s}? 342
Total-Count 16,390

3ht’cps: //github.com/princeton-nlp/
EntityQuestions
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Table 12: Statistics of EntityQuestions

Relation Question template Count
P36 What is the capital of {s}? 6704
P407 Which language was {s} written in? 5113
P26 Who is {s} married to? 7979
P159 Where is the headquarter of {s}? 7994
P276 Where is {s} located? 7902
P40 Who is {s}’s child? 7981
P176 Which company is {s} produced by? 7913
P20 Where did {s} die? 7985
P112 Who founded {s}? 4060
P127 Who owns {s}? 7936
P19 Where was {s} born? 7991
P740 Where was {s} founded? 7506
P413 What is {s} famous for? 7971
P800 What position does {s} play? 1762
P69 Where was {s} educated? 7990
P50 Who is the author of {s}? 7945
P170 Who was {s} created by? 6709
P106 What kind of work does {s} do? 7988
P131 Where is {s} located? 7921
P17 Which country is {s} located in? 7976
P175 Who performed {s}? 7767
P136 What type of music does {s} play? 7954
P264 What music label is {s} represented by? 7841
P495 Which country was {s} created in? 7909
Total-Count 174,797

C Compare different sampling methods

Table 13: Compare sampling methods on POPQA

Method | ACC (%) HR (%) MRR (%) Prob (%)
Qwen3-4B 16.39 44.53 20.49 7.88
Popularity-based sampling | 24.75 48.98 26.93 27.72
PretrainRL(ours) 37.69 66.39 40.51 31.42
Qwen3-8B 21.45 51.97 25.66 8.90
Popularity-based sampling | 35.47 60.97 37.93 34.95
PretrainRL(ours) 48.61 74.92 51.51 40.48
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