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Abstract

Large Language Models (LLMs) are prone to
generating hallucinated content, which compro-
mises their reliability in knowledge-intensive
tasks. To address this challenge without sac-
rificing creativity, we propose HARPO, a
reinforcement learning framework designed
to jointly optimize faithfulness and creativ-
ity. HARPO incorporates a Generative Reward
Model (GRM), trained via verifiable feedback,
to simultaneously assess faithful adherence and
writing quality. Crucially, we employ a Selec-
tive Activation Mechanism (SAM) that acts as
a conditional gate, incentivizing creativity only
when outputs are hallucination-free. To further
stabilize training, we implement a curriculum
learning scheme that progressively shifts from
creative writing data to hallucination-centric
samples. Extensive experiments demonstrate
that HARPO significantly improves faithful-
ness while preserving expressiveness, outper-
forming strong baselines.

1 Introduction

Large Language Models (LLMs) have demon-
strated impressive capabilities in generating fluent,
human-like text. However, their reliability remains
a critical concern due to hallucinated outputs that
are unfaithful with respect to a given source (Ji
et al., 2022). Such inaccuracies undermine the
trustworthiness and utility of LLMs, particularly in
high-stakes applications.

While reinforcement learning (RL) techniques
have been widely adopted to boost the performance
of large language models (LLMs) (Wei et al., 2025),
optimizing for a single capability often comes at
the cost of degraded performance in other dimen-
sions. For instance, the RLMR framework (Liao
et al., 2025) underscores the inherent challenge
of preserving subjective textual quality while ad-
hering to rigid objective constraints. Similarly,
RLCR (Damani et al., 2025) demonstrates that

RL training tailored to specific question-answering
(QA) tasks can drastically impair a model’s calibra-
tion on out-of-domain benchmarks.

In this paper, we address the conflict between
hallucination mitigation and creative generation.
Mitigating hallucinations demands precision and
caution, whereas creative writing requires richness
and novelty. Existing methods struggle to balance
these competing objectives: single-reward strate-
gies fail to improve both simultaneously, while
naive data mixing often leads to interference be-
tween faithful adherence and expressive quality.

To address this problem, we introduce HARPO
(Hallucination-Aware Reinforcement for Policy
Optimization), a framework designed to jointly
optimize faithfulness and creativity. Central to
our approach is the Hallucination-Aware Gener-
ative Reward Model (HA-GRM), trained using
Reinforcement Learning with Verifiable Rewards
(RLVR) (Shao et al., 2024). Beyond standard bi-
nary classification, we introduce an auxiliary re-
ward based on hallucinated-span prediction. This
provides the model with dense, fine-grained super-
vision, enabling it to pinpoint unfaithful segments.
Furthermore, by incorporating pairwise preference
data for creative writing, the HA-GRM learns to
evaluate stylistic quality alongside faithfulness.

To effectively utilize these signals during policy
optimization, we propose a Selective Activation
Mechanism (SAM). Unlike traditional fixed-weight
scalarization, prone to reward conflicts, SAM acts
as a conditional gate: the creative writing reward
is activated only if the response is judged to be
hallucination-free. Finally, to stabilize the training
process, we design a data curriculum strategy that
gradually shifts the data distribution from general
writing instructions to hallucination-focused sce-
narios. This approach mitigates the catastrophic
forgetting often observed in single-objective align-
ment, preserving broad linguistic proficiency while
sharpening evidential rigor.



Our results demonstrate that HA-GRM achieves
superior generalization on unseen hallucination
tasks, thanks to reinforcement learning with fine-
grained rewards. Furthermore, we validate the ef-
fectiveness of HARPO through extensive experi-
ments on the Qwen2.5 and Qwen3 model families
(parameter scales from 1.7B to 8B). When applied
to policy optimization, HARPO reduces the halluci-
nation rate by over 85% on Qwen3-4B while simul-
taneously boosting creative writing scores. Com-
parative analyses confirm that SAM significantly
outperforms linear reward mixing, whereas our cur-
riculum learning strategy effectively balances the
dual optimization of faithfulness and creativity.

The contributions are as follows:

* We identify the optimization conflict between
hallucination mitigation and creative genera-
tion, and introduce HARPO, a framework that
jointly optimizes both capabilities.

* We develop the HA-GRM and SAM to hier-
archically resolve reward conflicts, supported
by a curriculum strategy that prevents catas-
trophic forgetting.

* Extensive experiments demonstrate that
HARPO consistently enhances performance
across various model families and scales, con-
firming its effectiveness.

2 Methodology

We introduce HARPO, a framework designed to
mitigate hallucinations in large language models
(LLMs) while preserving creative generation capa-
bilities. Our approach integrates a Hallucination-
Aware Generative Reward Model (HA-GRM) with
a curriculum-driven reinforcement learning strat-
egy. The optimization process features two core
mechanisms: a Selective Activation Mechanism
(SAM) that gates creativity rewards based on faith-
ful accuracy, and a dynamic curriculum that pro-
gressively shifts the training distribution from cre-
ative to hallucination-sensitive tasks.

2.1 HA-GRM: Reward Model Training

Task Formulation. We train the HA-GRM to de-
tect hallucinations at both the response and span
levels, following the paradigm of generative reward
models (Wu et al., 2023). Given the input context ¢
and the generated response y = (y1, y2...yr) con-
sisting of 1" characters, the model need to first iden-
tify whether the response y is hallucinated and then

locate all hallucinated spans .S, defined as portions
of text in y that lack support from c. Addition-
ally, to maintain expressive quality, we incorporate
pairwise preference data, encouraging the model to
evaluate responses based on helpfulness, relevance,
conciseness, creativity, and completeness, similar
to Arena-Hard (Li et al., 2024a).

Rule-Based Reinforcement Learning. We fine-
tune the HA-GRM using rule-based online RL,
adopting the GRPO setting (Shao et al., 2024). Dur-
ing rollout, the model predicts unfaithful spans and
pointwise response-level labels for hallucination
detection, while generating pairwise comparisons
for creative writing. The reward signal combines
format validity and prediction accuracy.

For hallucination detection, we incorporate the
span-F1 metric alongside response-level accuracy.
Let S be the predicted hallucination spans and S be
the ground-truth spans. The hallucination reward
Th 1S
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These reward schemes are applied separately
to the pointwise hallucination data and pairwise
creative writing data.

2.2 HARPO: Hallucination-Aware
Reinforcement for Policy Optimization

We now present the details of HARPO, a frame-
work designed to balance the competing objectives
of hallucination reduction and creative generation.
We employ reinforcement learning rather than di-
rect Supervised Fine-Tuning. This approach en-
ables us to optimize the model using unlabelled
prompts without requiring ground-truth reference
texts. To guide this process, we introduce two novel
components: first, the Selective Activation Mech-
anism, which functions as the core scoring metric
during optimization; and second, a data curriculum
strategy that schedules the training distribution to
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Figure 1: The HARPO Framework. Left: The Data Curriculum Strategy smoothly shifts the training distribution
from creative to faithful tasks via cosine annealing. Right: The Selective Activation Mechanism gates optimization,
ensuring creativity rewards are only assigned to hallucination-free responses.

smooth the transition between hallucination-centric
and creativity-centric tasks.

Reinforcement Learning with GRPO. As our
reinforcement learning framework, we adopt Group
Relative Policy Optimization (GRPO) (Shao et al.,
2024), a variant of REINFORCE (Williams, 1992)
that utilizes group-based advantage normalization.
To optimize the LLM policy 7y, given a prompt
x, we sample a group of K rollouts {7 }X_, from
the current policy 7g. Each rollout 7, is assigned a
reward score Ry, = R(7y,) calculated by our reward
system. The policy is updated via the clipped policy
gradient objective:
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where the token-level importance weight is defined
as the probability ratio:

We(Tk,t|$, Tk,<t)

W, 0) = .
t( ) ﬂ-eold(Tk,t’x7Tk’,<t)

“4)

with 7 ; denoting the token generated at step ¢
in rollout k, and 75, -, representing the preceding
context. The group-normalized advantage Ak,t is
computed using the rewards of the K rollouts sam-
pled for the same input:

: R(7;,) — mean({R;}/,)

B O

where 9§ is a small constant for numerical stability.
Following recent advances in RL for LLM rea-
soning such as DAPO (Yu et al., 2025), we adopt

asymmetric clipping (clip-higher) with €joy < €pigh.
This strategy encourages the exploration of novel
token sequences while maintaining training stabil-
ity. The coefficient 8 scales the KL divergence
term Dgy.(mg || mref), ensuring the policy remains
close to the reference model 7t to prevent mode
collapse.

Selective Activation Mechanism (SAM). A
core challenge in aligning LLMs for both relia-
bility and quality is the potential conflict between
objectives. Standard approaches typically em-
ploy a linear scalarization of rewards, R =
w1 Rhaty + wa Rerear. However, this fixed-weight
strategy creates an optimization landscape where
the model may learn to exploit the reward function.
To prevent this, we propose the Selective Activation
Mechanism (SAM), a hierarchical reward aggre-
gation strategy that treats factual correctness as a
strict prerequisite for creativity.

Let x denote the input prompt and y denote the
generated response corresponding to a rollout 7.
Our HA-GRM, described in Section 2.1, provides
two distinct scalar signals:

1. Hallucination Reward (Rpapu): A score in-
dicating whether the response y is grounded
in the context. Let S denote the set of hallu-
cinated spans identified by the model, and let
| - | denote the text length. The hallucination
reward is calculated as:

1, ifS=0
Rpam(z,y) = _18 g £ ()

Tyl

(6)

This formulation imposes a penalty propor-
tional to the density of hallucinated content
when errors occur.



2. Creativity Reward (R reat): A score evalu-
ating the helpfulness, relevance, conciseness,
and novelty of the response. This score is
derived from a pairwise evaluation compar-
ing the model’s output y against a reference
answer 7.

Under the SAM framework, the creativity reward
is strictly gated by the factuality assessment. The
final reward Rsam assigned to a rollout is defined
as:

Rsam(z,y,7) = Rpanu(z,y) (7
+ Iy is faithful] - Rerear(z, y, 7).

where I[-] is the indicator function. In our imple-
mentation, the condition “y is faithful” is satisfied
only if no hallucinations are detected (i.e., I = 1
if $ = 0, and 0 otherwise). By dynamically de-
coupling the two objectives, SAM ensures that the
pursuit of high-quality writing never comes at the
cost of trustworthiness.

Data Curriculum Strategy. The distinct nature
of our two types of training data, creative writing
and hallucination mitigation, presents a significant
optimization challenge. Creative writing tasks de-
mand open-ended generation with diverse vocab-
ulary, whereas hallucination mitigation requires
strict adherence to evidence and factual constraints.
Directly mixing these datasets in a static ratio often
leads to optimization interference.

To address this, we design a dynamic data cur-
riculum that modulates the training distribution
over time. We adopt a Creative — Faithful progres-
sion strategy for two reasons: (1) Model Affinity:
We initialize training with a higher proportion of
creative, which is more general. This leverages
the pre-trained model’s inherent linguistic capa-
bilities, stabilizing the initial policy optimization
before introducing strict factual constraints. (2)
Prevention of Catastrophic Forgetting: Rather
than abruptly switching tasks, we employ a smooth
decay schedule. This ensures that even as the focus
shifts toward hallucination mitigation, a minimum
threshold of general writing data is maintained to
preserve language proficiency.

Formally, let T denote the total number of train-
ing steps. We define r(t) as the sampling ratio of
creative writing data at step t. We utilize a cosine
annealing schedule to smoothly reduce this ratio
from an initial high to a fixed minimum:

r(t) = rg - cos (% -t) + Tmin- ®)

where rpi, = 0.05 represents the minimum pro-
portion of creative data maintained at the end of
training to prevent forgetting, and ro = 0.9 rep-
resents the magnitude of the decay. Under this
schedule, the training begins with a creative data
ratio of 7(0) = r¢ + rmin and gradually converges
to 7(T") = Tmin as the model becomes more robust
to hallucination-sensitive tasks.

3 Experiments on Hallucination-Aware
Generative Reward Model

In this section, we mainly answer this research
question: (RQ1) What are the advantages of using
reinforcement learning with fine-grained rewards
for training generative reward models?

3.1 Experimental Setup

Training Details. We initialize HA-GRM from
Qwen3-4B and train it on two public datasets.
Specifically, for hallucination detection, we use the
summarization and Question Answering subset of
RAGTRUTH (Wu et al., 2023) training set. For cre-
ative writing, we utilize ARENA-HARD-v2.0 (Li
et al., 2024b). We employ verl (Sheng et al., 2025)
as our RL training framework, using a global batch
size of 128 and a learning rate of le-6. Addition-
ally, we apply a clipping strategy with the clip ratio
high set to 0.28. All experiments are run once.

Evaluation Datasets and Metrics. We evaluate
the Reward Models on the RagTruth test set for
hallucination detection and Auto-J Eval (Li et al.,
2023a) for general preference evaluation. In ad-
dition to response-level metrics such as precision,
recall, and F1 scores, we conduct span-level detec-
tion by calculating the overlap between detected
and human-labeled spans, reporting the character-
level F1 score. For the pairwise evaluation on Auto-
J, we utilize Accuracy. All datasets used in this
evaluation are human-annotated.

3.2 Results and Analysis

Main Results. We present the response-level
performance of various models in Table 1. Our
proposed HA-GRM (initialized from Qwen3-4B)
achieves an average F1 score of 78.08%, signifi-
cantly outperforming the base model (74.58%) and
the supervised fine-tuning baseline (66.37%). No-
tably, while standard SFT surpass ours in some



Model Name \ RAGTRUTH(SUMM) RAGTRUTH(QA) RAGTRUTH(D2T) OVERALL

| P R Fl P R Fl P R Fl | P R Fl
Open-Source Models (8B - 671B)
Qwen3-8B 50.14 87.25 63.69 36.81 88.12 5193 79.76 91.19 85.09 | 60.50 89.82 72.30
Qwen3-32B 4276 91.18 5822 33.64 91.88 49.25 80.12 94.28 86.62 | 56.54 93.20 70.39
Qwen3-235B-A22B-Instruct | 40.25 96.55 56.81 28.65 95.62 44.09 6655 99.48 79.75 | 4899 98.19 65.37
Qwen3-235B-A22B-Thinking | 37.94 97.01 54.55 2895 95.00 44.38 71.84 98.44 83.07 | 50.03 97.55 66.14
DeepSeek-V3.2 32.05 96.97 48.18 26.83 96.86 42.02 65.75 99.83 79.28 | 4497 98.71 61.79
Proprietary Models
GPT-40 50.29 86.43 63.59 3248 8639 4721 69.60 9698 81.04 | 55.67 9295 69.64
doubao-seed- 1-6-thinking 41.81 95.10 58.08 37.29 96.25 53.75 7447 9826 84.73 | 55.83 97.23 7094
claude-4-sonnet 46.32 86.27 60.27 36.65 87.50 51.66 7295 9491 8249 | 5483 91.21 68.49
Open-Source Models (Qwen3-4B based)
Qwen3-4B 60.92 7143 6576 43.66 73.12 54.67 8475 86.09 8541 | 6092 80.67 74.58
HA-GRM (vanilla SFT) 7891 56.86 66.10 71.61 69.38 70.48 81.61 5233 65.09 | 81.04 56.20 66.37
HA-GRM (Reeponse Only) 7744 6225 69.02 63.79 69.38 6647 9122 7734 83.71 | 82.73 7272 77.40
HA-GRM (Full) 81.05 60.78 69.47 70.75 65.00 67.75 9198 77.20 83.94 | 85.88 71.58 78.08

Table 1: Performance (Precision, Recall and F1) of hallucination evaluation on the test split of RAGTruth. We
separate Qwen3-4B based models, larger open-source models, and proprietary models into different blocks.

areas, it suffers from catastrophic forgetting, par-
ticularly on the Data-to-Text (D2T) task, a domain
not included in our training set, where the score
drops precipitously from 85.41% to 65.09%. In
contrast, our RL-based approach maintains robust
generalization on the unseen D2T dataset (83.94%),
demonstrating that the HA-GRM learns general-
ized hallucination patterns rather than merely over-
fitting to the training distribution. Furthermore,
despite its smaller size (4B), HA-GRM yields com-
petitive performance against significantly larger
open-source models (e.g., Qwen3-32B) and propri-
etary models (e.g., GPT-40) across the RAGTruth
benchmarks, validating the effectiveness of our spe-
cialized reinforcement learning framework.

Model Name | Suvm QA D2T OVERALL
Qwen3-4B 41.43  34.00 38.08 37.33
HA-GRM (vanilla SFT) 4594 61.26 30.13 44.58
HA-GRM (Reeponse Only) | 48.53 48.74 39.31 44.43
HA-GRM (Full) 52.10 53.63 47.26 50.38

Table 2: Span-level hallucination detection performance
(Span-F1) on the RAGTruth test set across different
training strategies.

Can span level hallucination prediction help?
To investigate the impact of fine-grained super-
vision, we compare the HA-GRM (Full) against
an ablation variant, HA-GRM (Response Only),
which is trained solely with response-level binary
rewards. As shown in Table 2, incorporating span-
level rewards yields substantial improvements. The
full model achieves a significantly higher Span-F1

score across all test subsets (Average: 50.38% vs.
44.43%). Crucially, this granular feedback also
enhances response-level classification, as seen in
Table 1, where the Average F1 score rises from
77.40% to 78.08%. This suggests that training the
model to explicitly localize hallucinated spans acts
as a dense reward signal, reducing the likelihood of
it learning spurious correlations (such as response
length or style) and forcing it to ground its judg-
ments in hallucination detection.

Model Name ‘ RAGTRUTH AUTO-J AVERAGE

Qwen3-4B 74.58 57.22 65.90
w/ Hallucination 78.41 57.31 67.86
w/ Hallucination and General 78.08 59.91 69.00

Table 3: Impact of multi-objective training on Halluci-
nation Detection (RAGTruth) and General Preference
Evaluation (Auto-J) testsets.

How writing evaluation affect hallucination de-
tection? A core premise of the HA-GRM is that
hallucination detection should not come at the ex-
pense of general preference evaluation. In Table 3,
we analyze the trade-off between these objectives.
Adding the creative writing preference data (w/ Hal-
lucination and General) boosts the Auto-J score
from 57.31% to 59.91%, indicating a marked im-
provement in the model’s ability to judge helpful-
ness and creativity. Importantly, this gain incurs a
negligible penalty on hallucination detection perfor-
mance, with the average Hallucination F1 dropping
only slightly from 78.41% to 78.08%, confirming
that HA-GRM successfully unifies faithful con-



Model Name Hallucination Control | Creative Writing General 1
ARENA-HARD ARENA-HARD
HHEM - MULTIHOPRAG (Creative) (Hard Prompt)
Qwen2.5 series
Qwen2.5-3B 11.07 4.69 2.33 2.07
w/ HARPO(Ours) 241 2.86 2.66 2.30
Qwen2.5-7B 5.05 1.88 4.68 4.63
w/ HARPO(Ours) 1.56 0.86 6.78 4.93
Owen3 series
Qwen3-1.7B 11.07 5.38 7.04 3.87
w/ HARPO(Ours) 3.97 2.03 8.53 4.05
Qwen3-4B 7.34 3.29 16.95 11.16
w/ Hallucination-Only 0.72 0.98 9.74 5.29
w/ Creativity-Only 24.31 2.66 43.35 11.45
w/ Linear Mixture 3.73 0.90 28.83 5.63
w/ HARPO (Ours) 1.08 1.02 27.54 12.35
Qwen3-8B 4.93 2.90 33.76 16.08
w/ HARPO(Ours) 1.56 1.17 41.43 16.52

Table 4: Comparison of HARPO against base models and baselines. (J) indicates lower is better, (1) indicates
higher is better. HARPO achieves low hallucination rates while simultaneously improving creative writing scores.

straint checking with creative quality assessment
without significant compromise.

Takeaway(RQ1) Reinforcement learning with
fine-grained rewards prevents the catastrophic
forgetting observed in supervised fine-tuning,
enabling a compact model to learn generalized
hallucination patterns and outperform signifi-
cantly larger models across diverse domains.

4 Experiments on Hallucination-Aware
Reinforcement for Policy Optimization

For evaluation, we employ HHEM-2.1 (Bao
et al., 2024) and MULTIHOPRAG to assess hal-
lucination rates in summarization and QA tasks,
respectively. General and creative writing capabili-
ties are evaluated using ARENA-HARD-V2.0 (Li
et al., 2024b). We report the hallucination rate us-
ing our best-performing HA-GRM as an automated
judge, and we utilize the official ARENA-HARD-
v2.0 pipeline for writing quality scores. Table 5
summarizes the statistics for all datasets.

Dataset DOMAIN # OF SAMPLES

Training data

RagTruth Hallucination-Summ 2,217
We aim to answer the research question: (RQ2) HaluEval Hallucination-QA 1,452
arena-human-preference Creative Writing 3,000
Can we leverage the feedback from HA-GRM to Testing data
effectively mitigate the LLM’s hallucinations while HHEM Hallucination-Summ 831
. N : : g s MultiHopRAG Hallucination-QA 2,556
incentivizing its creative writing capabilities? p ;
g g p Arena-Hard (Hard Prompt) | General 500
Arena-Hard (Creative) Creative Writing 250

4.1 Experimental Setup

Dataset and Evaluation Metric. Our training
corpus consists of three distinct datasets selected to
balance faithful grounding with creative expression.
For hallucination mitigation, we utilize the summa-
rization subset of RAGTRUTH (Wu et al., 2023)
and the question answering subset of HALUE-
vAL (Li et al., 2023b). To support creative gen-
eration, we curate a subset of the ARENA-HUMAN-
PREFERENCE- 140K (Chiang et al., 2024) dataset,
filtering specifically for prompts related to creative
writing. All experiments are run once.

Table 5: Statistics of the training and testing datasets
utilized in the HARPO experiments.

Baselines and Training Details. To evaluate
HARPO, we compare it against three baselines:
(1) Hallucination-Only, trained exclusively on
RAGTRUTH and HALUEVAL using only Rpa;
(2) Creativity-Only, trained solely on ARENA-
HUMAN-PREFERENCE-140K using only Rcreat;
and (3) Linear Mixture, a combined-objective
baseline. Following Peng et al. (2025), the Lin-



ear Mixture approaches multi-objective alignment
via fixed scalarization. We normalize the creative
reward to [0, 1] and compute the arithmetic mean
with the hallucination reward: (REont + Rhall) /2.
This serves as the primary state-of-the-art compari-
son for mixed-objective training. We use the same
training data as HAPRO but different reward strat-
egy for this baseline. As for the hyperparameters
of reinforcement learning, we adopt the same con-

figuration as HA-GRM for training.

4.2 Results and Analysis

Main Results. Table 4 presents the perfor-
mance of HARPO across different model families
(Qwen2.5, Qwen3) and parameter scales (1.7B to
8B). Our analysis yields two key observations:

1. Pitfalls of Single-Objective Training: The
ablation on Qwen3-4B highlights the dangers of
training on isolated task and objectives. The
Hallucination-Only baseline achieves the lowest
hallucination rates (0.72% on HHEM) but suffers
from catastrophic forgetting in generation tasks,
dropping the General score from 11.16% to 5.29%.
Conversely, the Creativity-Only baseline improves
writing style significantly but induces severe re-
ward hacking, causing the hallucination rate to
spike to 24.31%. This confirms that faithful ground-
ing and creative expression are competing objec-
tives that require careful balancing.

2.  Universal Improvement across Scales:
HARPO consistently achieves improvement over
base models across all tested sizes. For instance,
on Qwen2.5-7B, HARPO reduces the hallucination
rate on HHEM from 5.05% to 1.56% while simul-
taneously boosting the Creative Writing score from
4.68% to 6.78%. This demonstrates that our frame-
work effectively mitigates hallucinations without
imposing the "alignment tax" typically associated
with safety fine-tuning.

Effect of Selective Activation Mechanism (SAM).
Comparing HARPO with the Linear Mixture base-
line reveals the critical role of the Selective Acti-
vation Mechanism (SAM). While the Linear Mix-
ture approach (standard scalarization) reduces hal-
lucinations, it fails to preserve general capabilities,
resulting in a General score of only 5.63% com-
pared to HARPO’s 12.35%. By linearly combining
rewards, the baseline creates a landscape where
the model struggles to resolve gradient conflicts
between creativity and faithfulness. In contrast,
SAM’s hierarchical gating ensures that creativity

is optimized only within the subspace of faithfully
correct responses, allowing HARPO to maintain
the highest general language proficiency among all
fine-tuned models.

Hallucination Control | Creative Writing 1

Curriculum Schedule ‘

‘ HHEM MULTIHOPRAG

ARENA-HARD
(Creative)

Qwen3-4B 7.34 3.29 16.95
Random Mixture (Static) 4.09 1.17 23.65
Faithful — Creative (Reverse) 9.64 1.72 34.30
Creative — Faithful (Ours) 1.08 1.02 27.54

Table 6: Ablation on Data Curriculum Strategies.

Effect of Data Curriculum Strategy. To val-
idate our data curriculum strategy, we compare
it against two alternative schedules as shown in
the left of Figure 1: (1) Random Mixture, which
samples tasks with a fixed probability throughout
training; and (2) Faithful — Creative, a reverse
schedule that begins with hallucination mitigation
and transitions to creative writing.

Table 6 demonstrates the necessity of our pro-
posed ordering. The Random Mixture approach
achieves simultaneous hallucination reduction and
creative writing enhancement, but its performance
gains are smaller than those of our curriculum learn-
ing scheme. Besides, The Faithful — Creative
strategy performs poorly on HHEM with even a
higher hallucination rate than original Qwen3-4B.

In contrast, our Creative — Faithful strategy
achieves the best balance. By initializing train-
ing with a high ratio of creative tasks, we leverage
the model’s pre-trained linguistic priors to stabi-
lize the policy. As the curriculum progresses, the
gradual introduction of faithful constraints acts as
a refinement stage, pruning hallucinations without
degrading the stylistic quality established in the
early phases.

Response Length Analysis on HHEM
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Figure 2: Response length analysis on HHEM.

Analysis of Response Length and Verbosity To
investigate whether our framework mitigates “re-



ward hacking”, specifically the tendency of RL-
tuned models to inflate scores through verbosity,
we track the evolution of response length through-
out the training process (Figure 2). The Writing-
Only baseline exhibits a linear, unbounded increase
in token count, confirming that optimizing solely
for creativity encourages excessive length. Con-
versely, the Hallucination-Only baseline rapidly
converges to shorter, risk-averse responses, poten-
tially sacrificing necessary detail to minimize hal-
lucination rate. HARPO, however, demonstrates
a distinct trajectory that balances these extremes.
Initially, the response length increases, aligning
with the high ratio of creative tasks in the early
curriculum. However, as the training progresses
beyond step 60, the length peaks and gradually sta-
bilizes. This shift corresponds directly with our
curriculum schedule and the imposition of the Se-
lective Activation Mechanism; as the distribution
shifts toward faithful tasks and the SAM strictness
takes effect, the model is regularized against gratu-
itous verbosity while retaining sufficient length to
remain expressive.

Takeaway(RQ2) HARPO effectively resolves
the grounding-creativity conflict by gating re-
wards based on faithfulness. Combined with a
dynamic curriculum, this approach minimizes
hallucinations while boosting writing quality.

5 Related Work

Close-Domain Hallucination Detection Close-
domain hallucination refers to generating con-
tent that is inconsistent with or unsupported by
the context or knowledge provided in the input
prompt (Jaech et al., 2024). Traditional detection
methods frame this as a Natural Language Infer-
ence (NLI) task (Lattimer et al., 2023; Bao et al.,
2024), where the source document serves as the
premise and the generated text as the hypothesis.
With the advancement of generative model perfor-
mance, hallucination detection based on question
answering arises (Honovich et al., 2021; Cattan
et al., 2024). More recent methods explore in-
trinsic LLM metrics, analyzing features like token
probabilities (Ridder and Schilling, 2025), hidden
states (Zhang et al., 2025), and embedding dis-
tances (Ricco et al., 2025). The use of LLM-as-
a-Judge has also become a prominent approach,
employing both off-the-shelf and fine-tuned mod-
els (Bang et al., 2025; Wu et al., 2023). To our

knowledge, we are the first to address this task
using Reinforcement Learning with Verifiable Re-
wards.

Reinforcement Learning with Verifiable Re-
wards Reinforcement Learning with Verifiable
Rewards (RLVR) is a prominent method for en-
hancing LLM reasoning (Guo et al., 2025), initially
successful in structured domains like mathematics
and programming (Wen et al., 2025) using algo-
rithms such as PPO (Schulman et al., 2017) and
GRPO (Shao et al., 2024). While recent work has
extended RLVR to complex fields like medicine
and economics, it has not yet been applied to
closed-domain hallucination detection, which we
address here.

Reducing Hallucination for LLMs Research
into mitigating LLM hallucinations has progressed
across the model lifecycle. Initial pretraining
strategies focus on curating high-quality cor-
pora to reduce exposure to false or outdated
knowledge (Penedo et al., 2023; Zhou et al.,
2023). During fine-tuning, honesty-oriented SFT
uses refusal and uncertainty samples (Sun et al.,
2023; Wan et al., 2024) to teach models to ac-
knowledge their limits. In the alignment stage,
RLHF (Ouyang et al., 2022; Lightman et al., 2023)
rewards factuality but can sometimes lead to over-
conservative models that avoid answering due to
fear of error (Wei et al., 2025). Finally, at infer-
ence time, model-agnostic techniques—such as
factual-aware decoding (Lee et al., 2022), con-
trastive decoding (Chuang et al., 2023; Shi et al.,
2024), and Chain-of-Verification (Dhuliawala et al.,
2023)—provide dynamic ways to reduce hallucina-
tions without retraining.

6 Conclusion

We presented HARPO, a reinforcement learning
framework designed to reconcile the conflict be-
tween hallucination mitigation and creative genera-
tion. By integrating a fine-grained Hallucination-
Aware Generative Reward Model (HA-GRM) with
a Selective Activation Mechanism (SAM), our ap-
proach establishes faithfulness as a prerequisite for
creative expression. Furthermore, our data curricu-
lum strategy effectively prevents the catastrophic
forgetting often observed in single-objective align-
ment. Extensive empirical results demonstrate that
HARPO significantly reduces hallucination rates
while simultaneously enhancing writing quality.



Limitations

Despite the promising results of HARPO, several
limitations remain. First, training the Hallucination-
Aware Generative Reward Model (HA-GRM) relies
on high-quality, span-level hallucination annota-
tions, which are significantly more labor-intensive
and costly to acquire than standard binary labels.
Second, the inference overhead introduced by the
generative reward process increases the compu-
tational cost of training compared to traditional
discriminator-based reward models. Finally, while
we demonstrate effectiveness on models up to 8B
parameters within general instruction and RAG do-
mains, we have not yet verified the scalability of
our framework on significantly larger models (e.g.,
70B+) or its transferability to specialized reason-
ing tasks such as mathematics and code generation,
which we leave for future investigation.

Ethics Statement

No datasets or scientific artifacts requiring dedi-
cated ethical review, data privacy safeguards, or
licensing arrangements were utilized or developed
in this study, and we affirm that our work complies
with the conference’s ethical standards and carries
no direct adverse social implications.
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