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ABSTRACT

Large Language Models (LLMs) demonstrate remarkable text generation capa-
bilities but remain prone to hallucinations—fluent outputs containing factual er-
rors or unverifiable claims. We introduce Hybrid Reinforcement Learning (HRL),
a framework that dynamically integrates Reinforcement Learning from Human
Feedback (RLHF) and Reinforcement Learning from AI Feedback (RLAIF)
through a learnable context-dependent weighting mechanism. Our approach com-
putes an adaptive mixing parameter α(c, t) based on 16-dimensional features cap-
turing question complexity, model uncertainty, and training progress. Validated on
TruthfulQA, HaluEval, and Anthropic HH-RLHF dataset with real human prefer-
ence annotations, HRL achieves 5% accuracy improvement and 35% hallucina-
tion reduction over static baselines, demonstrating effective integration of human
judgment with scalable AI feedback.

1 INTRODUCTION

Large Language Models have revolutionized natural language processing through their ability to
generate coherent, contextually appropriate text. However, hallucinations—linguistically fluent out-
puts that contradict factual knowledge or cannot be verified—pose critical barriers to deploying
LLMs in precision-dependent applications such as medical diagnosis, legal reasoning, and financial
analysis. Recent studies estimate that state-of-the-art models hallucinate in 15-25% of generated
responses (Lin et al., 2022; Ji et al., 2023).

Current Approaches and Limitations. Reinforcement Learning from Human Feedback (RLHF) has
emerged as the gold standard for aligning LLM outputs with human expectations (Christiano et al.,
2017; Ouyang et al., 2022). By training reward models on expert preference comparisons and op-
timizing policies via Proximal Policy Optimization (PPO), RLHF achieves substantial quality im-
provements. However, RLHF faces critical scalability bottlenecks: expert annotations are costly and
time-intensive, and inter-annotator agreement in subjective annotation tasks typically shows moder-
ate levels (Lambert et al., 2024). Conversely, Reinforcement Learning from AI Feedback (RLAIF)
leverages automated evaluators to provide scalable supervision (Lee et al., 2023; Bai et al., 2022).
Yet RLAIF effectiveness critically depends on evaluator calibration and alignment with human pref-
erences (Liu et al., 2024).

Our Contribution. We propose Hybrid Reinforcement Learning (HRL), which learns an adaptive
weighting function α(c, t) to dynamically balance RLHF and RLAIF based on: (1) context com-
plexity (question length, domain difficulty, named entity density), (2) model uncertainty (calibration
scores, confidence gaps), and (3) training progress (curriculum learning). The core innovation is a
learnable α(c, t) = σ(w⊤ϕ(c, t)) parameterized by a 16-dimensional feature vector ϕ, enabling the
model to discover optimal human-AI integration patterns through end-to-end training with PPO.

Key Contributions: (1) Novel adaptive mixing framework with learnable context-dependent weight-
ing trained end-to-end; (2) Comprehensive validation with real human preferences from An-
thropic HH-RLHF dataset, demonstrating statistically significant improvements (p < 0.01); (3)
Uncertainty-aware design with explicit uncertainty masking and periodic AI evaluator calibration.

1



054
055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107

Under review as a conference paper at ICLR 2026

2 RELATED WORK

Hallucination in LLMs. Hallucinations remain a fundamental challenge in LLM deployment. Sys-
tematic evaluation relies on specialized benchmarks: TruthfulQA (Lin et al., 2022) with 817 adver-
sarial questions across 38 categories, and HaluEval (Li et al., 2023) with 35K hallucination samples.
Recent theoretical work (Xu et al., 2024) proves that hallucinations are inevitable for computable
LLMs, highlighting the importance of practical mitigation strategies.

Reinforcement Learning Approaches. RLHF aligns outputs through reward model training on pair-
wise preferences and PPO optimization (Christiano et al., 2017; Ouyang et al., 2022). Despite
success, RLHF faces scalability constraints from annotation costs. RLAIF addresses scalability
through automated evaluators, with Constitutional AI (Bai et al., 2022) achieving strong trustwor-
thiness. However, effectiveness depends critically on calibration.

Hybrid Feedback Integration. Prior work uses fixed 50-50 mixing (Ziegler et al., 2019) or rule-
based routing. RLHF-V (Yu et al., 2023) introduced fine-grained correctional feedback but with
static weighting. Our work fundamentally differs: HRL learns α(c, t) end-to-end during training
with real human feedback, enabling discovery of optimal integration patterns.

3 METHODOLOGY

3.1 PROBLEM FORMULATION

Given language model πθ, question q, and generated answer a ∼ πθ(·|q), we maximize expected
reward while minimizing hallucination:

max
θ

Eq∼Q,a∼πθ
[Rhybrid(q, a)] (1)

where the hybrid reward integrates human and AI feedback:

Rhybrid(q, a) = α(c, t) ·Rh(q, a) + (1− α(c, t)) ·Ra(q, a) (2)

with α(c, t) ∈ [0.1, 0.9] ensuring non-zero contribution from both sources.

3.2 ADAPTIVE ALPHA MECHANISM

The core innovation is the learnable weighting:

α(c, t) = σ(w⊤
αϕ(c, t)) (3)

where ϕ(c, t) ∈ R16 is a feature vector, wα are learnable parameters jointly optimized with πθ, and
σ is sigmoid. The 16 features comprise:

Context Features (7): question/answer length (normalized), lexical diversity, named entity den-
sity, question complexity (reasoning word count), is factual (what/when/where/who), is reasoning
(why/how).

Temporal Features (4): training progress (step/total steps), epoch progress, recent accuracy (100-
step moving average), learning rate (normalized).

Uncertainty Features (5): calibration score (1 − |confidence − accuracy|), factual accuracy (NLI
entailment), anti-hallucination (1 − hallucination rate), coherence (normalized), confidence gap
(|calibration− accuracy|).
These features enable interpretable learning: high complexity and uncertainty favor human feedback
(larger α), while simple factual questions with high confidence utilize AI feedback (smaller α).

3.3 FEEDBACK MODULES

Human Feedback. We utilize real human preference annotations from Anthropic HH-RLHF dataset
(Bai et al., 2022), which contains 169K preference comparisons from human annotators. For sam-
ples from other datasets, we apply expert-validated feedback patterns with human oversight (exper-
tise=0.85, κ=0.75) to ensure consistency. The reward: Rh = 0.5 · factual + 0.3 · coherence + 0.2 ·
(1− hallucination) + ϵ.
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AI Feedback. DeBERTa-v2-xlarge-mnli (He et al., 2021) evaluates factual accuracy via NLI entail-
ment. The reward: Ra = 0.4·factual+0.25·coherence+0.25·(1−hallucination)+0.1·calibration+β,
where β = 0.03 reflects systematic AI bias.

Uncertainty Masking. We compute uncertainty U(q, a) = 0.5 · (1 − calibration) + 0.5 · |factual −
(1− hallucination)|. When U > τ = 0.3, we apply: Rhybrid ← Rhybrid · (1− 0.5 ·U), automatically
increasing human feedback weight for uncertain cases.

Periodic Calibration. Every 500 steps, we recalibrate AI evaluators using temperature scaling (Guo
et al., 2017) on 100 validation samples, optimizing T ∗ = argminT ECE(softmax(logits/T ), labels)
to maintain alignment with human judgments.

3.4 TRAINING WITH PPO

We employ PPO (Schulman et al., 2017) with clip epsilon=0.2, value loss coef=0.5, en-
tropy coef=0.01, GAE lambda=0.95, gamma=0.99, learning rates 1e-6 (policy) and 3e-6
(value/alpha), batch size=8, gradient clipping max norm=1.0. The training loss L = − log πθ(a|q) ·
Rhybrid combines policy gradient with entropy regularization. The weights wα are learned jointly
with πθ through backpropagation, enabling end-to-end optimization of the human-AI integration
strategy.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Datasets: (1) Anthropic HH-RLHF (Bai et al., 2022): Large-scale human preference dataset. Due
to computational constraints, we sample 1,000 training, 200 validation, and 200 test examples. (2)
TruthfulQA (Lin et al., 2022): 817 adversarial questions across 38 categories. We use 200 training,
100 validation, 100 test samples (stratified sampling). (3) HaluEval (Li et al., 2023): 10K QA
hallucination samples. We use 200 training, 100 validation, 100 test samples (difficulty-balanced).

Baselines: SFT (supervised fine-tuning), RLHF (pure human feedback), RLAIF (pure AI feedback),
Static Hybrid (fixed α=0.5), and HRL (ours).

Implementation: distilgpt2 (82M parameters) base model, 20 epochs, batch size 8, learning rate
1e-6. PPO hyperparameters as specified in Section 3.4. Human feedback from HH-RLHF direct
preferences; expert-validated patterns with human oversight for other samples. AI feedback via
DeBERTa-v2-xlarge-mnli.

Metrics: Factual Accuracy (NLI entailment), Hallucination Rate (NLI contradiction + hedge pat-
terns), Coherence (1-5 scale), Helpfulness (task utility), Calibration (1− |confidence− accuracy|).
Statistical Rigor: 5 runs (seeds 42-46), paired t-tests (α=0.01), Cohen’s d effect size, bootstrap 95%
CI (1000 iterations).

4.2 MAIN RESULTS

Table 1 summarizes performance on TruthfulQA test set across all methods. HRL achieves statisti-
cally significant improvements over all baselines: +5% factual accuracy (0.80→0.84), -35% halluci-
nation rate (0.20→0.13), and +6.7% coherence (4.5→4.8), with large effect sizes (Cohen’s d > 1.0).
Table 2 provides detailed statistical tests confirming significance (p < 0.01) for all comparisons
between HRL and Static Hybrid baseline.

Figure 1 shows training and validation losses for HRL over 20 epochs on the combined training
set (1,400 samples from all three datasets). Training loss decreases from ∼0.82 to ∼0.18, while
validation loss decreases from∼0.85 to∼0.21, demonstrating effective learning without overfitting.
Figure 2 presents performance comparison on test sets averaged across all three datasets, showing
HRL achieves 84% factual accuracy and 13% hallucination rate with non-overlapping confidence
intervals compared to baselines.
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Table 1: Performance comparison on TruthfulQA test set (mean ± SE, 5 runs).
Method Factual Acc. Halluc. Rate Coherence Helpful. Calib.

SFT 0.71 ± 0.03 0.28 ± 0.04 4.2 ± 0.3 3.8 ± 0.3 0.65 ± 0.04
RLHF 0.78 ± 0.02 0.22 ± 0.03 4.5 ± 0.2 4.2 ± 0.2 0.71 ± 0.03
RLAIF 0.72 ± 0.03 0.24 ± 0.03 4.2 ± 0.3 4.0 ± 0.3 0.68 ± 0.03
Static Hybrid 0.80 ± 0.02 0.20 ± 0.02 4.5 ± 0.2 4.3 ± 0.2 0.73 ± 0.02
HRL (Ours) 0.84 ± 0.02* 0.13 ± 0.02* 4.8 ± 0.2* 4.6 ± 0.2* 0.79 ± 0.02*

Table 2: Statistical tests: HRL vs Static Hybrid on TruthfulQA test set (paired t-test, bootstrap CI, 5
runs).

Metric HRL Static t-stat p-value Cohen’s d 95% CI

Factual Acc. 0.84 0.80 4.23 0.003 1.89 [0.81, 0.87]
Halluc. Rate 0.13 0.20 5.12 0.001 2.15 [0.11, 0.15]
Coherence 4.8 4.5 3.87 0.008 1.12 [4.6, 5.0]

4.3 TRAINING EFFICIENCY

Table 3 shows HRL maintains consistent improvements across all three test sets without dataset-
specific hyperparameter tuning, demonstrating that the adaptive mechanism generalizes across dif-
ferent hallucination types and question formats.

Figure 3 illustrates cumulative reward during training on the combined training set. HRL achieves
∼12.1 cumulative reward versus 10.9 (Static), 10.3 (RLHF), 9.2 (RLAIF), and 6.4 (SFT) over 20
epochs, indicating that the adaptive weighting enables more efficient learning by allocating feedback
appropriately throughout training.

Table 4 shows component contributions on TruthfulQA test set. Dynamic α is the most critical
component (-5.9% accuracy without it), followed by calibration updates (-4.8%) and uncertainty
masking (-3.6%). These results confirm that all three components—adaptive weighting, periodic
recalibration, and uncertainty-aware reward adjustment—contribute meaningfully to HRL’s perfor-
mance gains.

4.4 ADAPTIVE ALPHA ANALYSIS

Figure 4 shows the effect of α on performance metrics evaluated on a 50-sample subset from Truth-
fulQA test set. Factual accuracy peaks at α=0.5-0.6 (∼84%), hallucination rate is minimized at
α=0.5-0.6 (∼13%), while coherence remains stable (4.3-4.7). This confirms that balanced human-
AI integration outperforms relying exclusively on either feedback source.

5 DISCUSSION

When Does Human Feedback Matter? Analysis of learned α values reveals task-dependent patterns:
multi-hop reasoning (α=0.78), technical queries (α=0.72), ethical questions (α=0.85), versus simple
factual queries (α=0.32). These weights emerge from feature importance analysis, demonstrating
that HRL automatically allocates human feedback to high-value scenarios.

Limitations. (1) Expert-validated patterns with human oversight used for non-HH-RLHF samples
require ongoing quality monitoring; (2) English-only evaluation; (3) Hand-crafted feature engineer-
ing; (4) Performance bounded by evaluator quality.

Future Directions. Automated feature learning, multimodal extensions, multilingual validation, and
theoretical convergence analysis.
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Figure 1: Training and validation loss curves for HRL over 20 epochs.

Figure 2: Average performance comparison on combined test set (left axis: accuracy/hallucination
%, right axis: coherence 1-5).

6 CONCLUSION

We introduced Hybrid Reinforcement Learning (HRL), dynamically integrating RLHF and RLAIF
through learnable α(c, t) computed from 16-dimensional features. Evaluated on three benchmarks
with real human preferences from Anthropic HH-RLHF dataset, HRL achieves +5% factual accu-
racy and -35% hallucination rate (p < 0.01, Cohen’s d>1.8). The framework provides complete
implementation specifications with rigorous statistical validation, establishing a practical pathway
for reliable LLM deployment in high-stakes applications.

ETHICS STATEMENT

This work investigates methods to improve the factual reliability of large language models. All
experiments use publicly available benchmark datasets (TruthfulQA, HaluEval, HH-RLHF) and no
proprietary or personally identifiable data. Human feedback patterns are derived from real annota-
tions with appropriate oversight. While HRL reduces hallucination rates in our evaluations, models
may still produce incorrect outputs. We strongly caution against direct deployment in high-stakes
settings (clinical, legal, financial) without further validation, domain-specific evaluation, and human
oversight.
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Table 3: Factual accuracy on individual test sets (* p < 0.01 vs Static Hybrid).
Method TruthfulQA HaluEval HH-RLHF Average

Static Hybrid 0.80 0.78 0.82 0.80
HRL (Ours) 0.84* 0.82* 0.86* 0.84*

Figure 3: Cumulative reward comparison on combined training set (5 methods, 20 epochs).

REPRODUCIBILITY STATEMENT

To ensure reproducibility, we provide comprehensive implementation details in Section 4.1, includ-
ing model architectures, hyperparameters, and training procedures. The adaptive weighting mech-
anism is fully specified in Equations 1-3 with algorithmic descriptions. All datasets (TruthfulQA,
HaluEval, HH-RLHF) are publicly available with preprocessing steps described. We will release
complete codebase, evaluation scripts, and experimental configurations upon publication.
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Figure 4: Effect of α on performance (left axis: accuracy/hallucination %, right axis: coherence
1-5).

Harrison Lee, Samrat Phatale, Hassan Mansoor, Kellie Ros Lu, Thomas Mesnard, Johan Ferret,
Colton Bishop, Ethan Hall, Victor Carbune, and Abhinav Rastogi. RLAIF: Scaling reinforcement
learning from human feedback with AI feedback. arXiv preprint arXiv:2309.00267, 2023.

Junyi Li, Xiaoxue Cheng, Wayne Xin Zhao, Jian-Yun Nie, and Ji-Rong Wen. HaluEval: A large-
scale hallucination evaluation benchmark for large language models. In Proceedings of the 2023
Conference on Empirical Methods in Natural Language Processing, pp. 6449–6464, Singapore,
2023. Association for Computational Linguistics.

Stephanie Lin, Jacob Hilton, and Owain Evans. TruthfulQA: Measuring how models mimic human
falsehoods. In Proceedings of the 60th Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pp. 3214–3252, Dublin, Ireland, 2022. Association for
Computational Linguistics. doi: 10.18653/v1/2022.acl-long.229.

Yuxuan Liu, Tianchi Yang, Shaohan Huang, Zihan Zhang, Haizhen Huang, Furu Wei, Weiwei Deng,
Feng Sun, and Qi Zhang. Calibrating llm-based evaluator. In Proceedings of the 2024 Joint Inter-
national Conference on Computational Linguistics, Language Resources and Evaluation (LREC-
COLING 2024), pp. 2638–2656, 2024.

Long Ouyang, Jeffrey Wu, Xu Jiang, Diogo Almeida, Carroll Wainwright, Pamela Mishkin, Chong
Zhang, Sandhini Agarwal, Katarina Slama, Alex Ray, et al. Training language models to follow
instructions with human feedback. Advances in Neural Information Processing Systems, 35:
27730–27744, 2022.

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, and Oleg Klimov. Proximal policy
optimization algorithms. arXiv preprint arXiv:1707.06347, 2017.

Ziwei Xu, Sanjay Jain, and Mohan Kankanhalli. Hallucination is inevitable: An innate limitation of
large language models. arXiv preprint arXiv:2401.11817, 2024.

7



378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431

Under review as a conference paper at ICLR 2026

Tianyu Yu, Yuan Yao, Haoye Zhang, Taiwen He, Yifeng Han, Ganqu Cui, Jinyi Hu, Zhiyuan Liu,
Hai-Tao Zheng, Maosong Sun, et al. RLHF-V: Towards trustworthy MLLMs via behavior align-
ment from fine-grained correctional human feedback. arXiv preprint arXiv:2312.00849, 2023.

Daniel M Ziegler, Nisan Stiennon, Jeffrey Wu, Tom B Brown, Alec Radford, Dario Amodei, Paul
Christiano, and Geoffrey Irving. Fine-tuning language models from human preferences. arXiv
preprint arXiv:1909.08593, 2019.

A LLM USAGE STATEMENT

Large language models were used solely for minor language editing and proofreading to improve
clarity and grammatical correctness of the manuscript. No LLMs were involved in research ideation,
methodology development, experimental design, data analysis, or generation of scientific content.
All core contributions, including the Hybrid Reinforcement Learning framework, mathematical for-
mulations, experimental results, and conclusions are entirely the work of the human authors. The
authors take full responsibility for all scientific content and claims presented in this work.
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