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Abstract001

While reinforcement learning has unlocked002
unprecedented complex reasoning in large003
language models, it has also amplified their004
propensity for hallucination, creating a criti-005
cal trade-off between capability and reliability.006
This work confronts this challenge by intro-007
ducing a targeted RL framework designed to008
mitigate both intrinsic and extrinsic hallucina-009
tions across short and long-form question an-010
swering. We address extrinsic hallucinations011
(flawed internal knowledge) by creating a novel012
training set from open-ended conversions of013
TriviaQA. Concurrently, we tackle intrinsic hal-014
lucinations (unfaithfulness to context) by lever-015
aging long-form texts from FineWeb in a fact-016
grounding reward scheme. To further bolster017
reliability, our framework explicitly rewards018
the model for refusing to answer unanswer-019
able questions, thereby cultivating crucial cau-020
tiousness. Extensive experiments demonstrate021
that our methodology yields significant perfor-022
mance gains across a diverse suite of bench-023
marks, substantially reducing both hallucina-024
tion types. Ultimately, this research contributes025
a practical framework for resolving the critical026
tension between advanced reasoning and fac-027
tual trustworthiness, paving the way for more028
capable and reliable large language models.029

1 Introduction030

Recent advancements in reinforcement learning031

(RL) have empowered large language models032

(LLMs) to exhibit longer chain-of-thought (CoT)033

capabilities, significantly enhancing their complex034

reasoning abilities (Guo et al., 2025; Jaech et al.,035

2024). However, this progress comes at a cost, as036

these models show higher hallucination rates than037

their base counterparts (OpenAI, 2025; Yao et al.,038

2025). This heightened hallucination rate in RL-039

driven models may stem from an avalanche effect040

where long CoT chains lead to irreversible error041

accumulation. Additionally, existing research has042

prioritized reasoning enhancement over hallucina- 043

tion mitigation. 044

Hallucinations are typically categorized as in- 045

trinsic or extrinsic (Ji et al., 2023). Extrinsic hallu- 046

cinations are often defined as errors in a model’s 047

internal knowledge and are frequently confused 048

with “factuality” due to varying definitions across 049

different studies (Bang et al., 2025; Yao et al., 050

2025). In this work, we define extrinsic halluci- 051

nations broadly to include both the generation of 052

entirely fabricated knowledge and relational fal- 053

lacies (e.g., temporal inaccuracies). In contrast, 054

intrinsic hallucinations occur when a model fails 055

to use knowledge explicitly provided by the user, 056

such as not following instructions or ignoring given 057

reference material. While some studies have used 058

RL to address hallucinations (Yang et al., 2025b; 059

Song et al., 2025; Ren et al., 2025), they often 060

rely on highly restrictive methods, such as generat- 061

ing short-form outputs or simply having the model 062

refuse to answer. These approaches are limited to 063

mitigating internal knowledge or factuality issues, 064

leaving a notable research gap in addressing extrin- 065

sic hallucinations—a growing concern in the wake 066

of RL-driven LLM advancements. 067

In this work, we categorize question answering 068

(QA) tasks into two main types: short-form QA and 069

long-form QA. For short-QA, which includes tasks 070

focused on factuality and unanswerable questions, 071

we designed a novel RL reward method. Following 072

the approach of prior work (Yang et al., 2025b; 073

Song et al., 2025; Ren et al., 2025), our method 074

successfully improves model performance while 075

simultaneously enhancing reliability. 076

For long-form QA, we constructed a training 077

set spanning two distinct scenarios: with and with- 078

out reference content. For the scenario with refer- 079

ence content, we adopted the evaluation method 080

of FACTS Grounding (Jacovi et al., 2025), re- 081

trieving 2,000 high-quality data samples from 082

Fineweb (Penedo et al., 2024). We then used LLMs 083
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What's the color of banana?

Black.

I don't know.

Yellow.

Bananas are yellow, are a favorite fruit of
monkeys, and are native to the M78 Nebula.

Tell me something about banana.

Bananas are yellow

Bananas are blue, are a favorite fruit of
monkeys, and are native to the M78 Nebula.

Tell me something about banana.

a favorite fruit of monkeys

native to the M78 Nebula

Bananas are blue

a favorite fruit of monkeys

native to the M78 Nebula

I don't know.

Short-form QA Long-form QA with Reference Long-form QA without Reference

In the magical world I imagine, bananas are
blue, and are originally from the M78 Nebula.

Figure 1: The three task formats for evaluating and mitigating hallucinations. In Short-form QA, answers are
directly verified. In Long-form QA with reference, claims are checked against the provided text to assess for
intrinsic hallucinations. In Long-form QA without reference, claims are checked against search results to assess for
extrinsic hallucinations.

to generate targeted questions for each sample. For084

the scenario without reference content, we retrieved085

content from TriviaQA (Joshi et al., 2017) search086

results and converted the questions into an open-087

ended format. Experiments demonstrate that our088

method can significantly enhance the model’s relia-089

bility on the evaluation dataset.090

We also analyzed several factors that might091

affect performance. Regarding CoT, we experi-092

mented with three supervision approaches: full093

supervision, summarizing CoT after reasoning, and094

no supervision at all. We found that supervising095

CoT did not lead to significant improvements in096

long-form performance. We also observed a ten-097

dency for the model to reduce its output length098

when answering long-form questions. While we099

designed three methods to address this issue, we100

found that each involved certain trade-offs.101

Our primary contributions in this work can be102

summarized as follows:103

1. We propose a new reinforcement learning104

framework designed to mitigate both intrinsic and105

extrinsic hallucinations across short-form and long-106

form QA. Our approach addresses a critical re-107

search gap left by prior methods that were often108

restricted to short-form factuality or simple refusal109

behaviors.110

2. We construct and introduce a diverse training111

dataset for long-form QA, featuring two distinct112

scenarios to target different types of hallucinations.113

The first scenario uses reference-grounded content114

derived from Fineweb to improve faithfulness (mit-115

igating intrinsic hallucinations), while the second116

uses open-ended questions adapted from TriviaQA117

to target the model’s internal knowledge (mitigat- 118

ing extrinsic hallucinations). 119

3. We conduct a detailed analysis of several fac- 120

tors in the RL training process, providing practical 121

insights for the field. Our findings demonstrate 122

that: 123

• Direct supervision of CoT provides negligible 124

performance gains for long-form tasks relative 125

to its high computational cost. 126

• A fundamental trade-off exists between en- 127

couraging detailed responses and maintain- 128

ing factual accuracy, for which we design and 129

evaluate several distinct countermeasures. 130

2 Related Works 131

Hallucination Benchmarks Hallucinations in 132

large language models are broadly categorized as 133

intrinsic (unfaithfulness to a provided source) and 134

extrinsic (factual errors from flawed parametric 135

knowledge) (Ji et al., 2023; Huang et al., 2025). 136

Accordingly, evaluation has evolved from early 137

benchmarks assessing short-form factuality (Joshi 138

et al., 2017; Lin et al., 2021; Wei et al., 2024a) 139

to modern, LLM-aided assessments of long-form 140

faithfulness (Jacovi et al., 2025) and factuality (Wei 141

et al., 2024b; Min et al., 2023). 142

Post-training For Hallucination Post-training 143

methods to mitigate hallucinations primarily in- 144

volve either alignment techniques like Supervised 145

Fine-Tuning and Direct Preference Optimization 146

(DPO) using curated datasets (Rafailov et al., 2023; 147

Lin et al., 2024), or grounding outputs in external 148
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knowledge via Retrieval-Augmented Generation149

(RAG) (Yu et al., 2023; Ram et al., 2023).150

Online Reinforcement Learning Online Rein-151

forcement Learning (RL) has become a promi-152

nent alignment strategy, pioneered by OpenAI’s153

O1 model using Proximal Policy Optimization154

(PPO) (Schulman et al., 2017; Jaech et al., 2024)155

and now widely adopted with similar methods156

like GRPO (Shao et al., 2024) in models such as157

DeepSeek-R1 (Guo et al., 2025) and other leading158

LLMs (Yang et al., 2025a; Team et al., 2025). How-159

ever, a notable side effect of RL-based training is160

the facilitation of extended chain-of-thought rea-161

soning, which, while beneficial for complex tasks,162

correlates with an increased prominence of halluci-163

nations (Yao et al., 2025; Chen et al., 2025).164

3 Reinforcement Learning for165

Hallucination Mitigation166

3.1 Training Data Synthesis167

To comprehensively enhance model reliability, our168

training corpus incorporates three distinct data for-169

mats: short-form QA, long-form QA with refer-170

ences, and long-form QA without references.171

Short-Form QA Our short-form QA data is an172

aggregation of several sources: the open-source173

TriviaQA training set (Joshi et al., 2017); a syn-174

thetic training set of unanswerable mathematical175

questions (Song et al., 2025); and a set of answer-176

able mathematical problems from DeepScaler (Luo177

et al., 2025). To improve the model’s ability to178

recognize unsolvable queries, 25% of the mathe-179

matical problems were intentionally designed to be180

unanswerable.181

Long-Form QA with References We con-182

structed a dataset of 3000 samples for long-form183

QA with a reference via a structured generation184

process. First, we selected high-quality texts from185

the FineWeb dataset with lengths ranging from 32K186

to 80K characters (about 8K to 20K tokens). Subse-187

quently, we ask for LLM to generate one question188

for each text, designed to span six distinct cate-189

gories: impact analysis, specific content compar-190

ison, full summary, targeted summary, example-191

based application, and internal logic explanation.192

To ensure a balanced distribution across these cate-193

gories, the priority order of the generation prompts194

was randomized. We present the data distribution195

in Figure 2.196

Long-Form QA without References Recogniz- 197

ing the scarcity of training data for long-form 198

QA without a provided reference—despite exist- 199

ing benchmarks (Wei et al., 2024b; Min et al., 200

2023)—we developed a new dataset with 2000 201

samples by repurposing the TriviaQA training set 202

through the following meticulous pipeline: 203

1. Question Selection: We first identified ques- 204

tions where our baseline model (MiMo-7B- 205

0530) exhibited partial but incomplete knowl- 206

edge, selecting those it answered correctly in 207

some, but not all, of eight sampling attempts. 208

2. Reference Filtering: We then filtered the ac- 209

companying reference documents (i.e., search 210

results from the TriviaQA dataset) to a com- 211

bined length of 500 to 60,000 characters. This 212

ensured the context was sufficiently informative 213

for validation without being computationally 214

prohibitive for reward modeling. 215

3. Question Generation: Finally, we prompted 216

an LLM to synthesize a new, open-ended ques- 217

tion based on the filtered documents. Critically, 218

during training, these source documents were 219

withheld from the model being trained and were 220

used exclusively by the validation model to ver- 221

ify the answer’s faithfulness. 222

3.2 RL Algorithm 223

Building upon the model’s strong foundational ca- 224

pabilities, we proceeded directly with reinforce- 225

ment learning. We employ GRPO algorithm (Shao 226

et al., 2024) for training. Specifically, we employ 227

distinct reward functions for short-form and long- 228

form QA to address their unique characteristics. 229

Short-form QA Following prior work by Song 230

et al. (2025); Yang et al. (2025b); Xu et al. (2024); 231

Yang et al. (2024), we use the following rule-based 232

reward function: 233

f(y, y∗) =


−0.2, extraction failed,
0.1, refuse (e.g., "I don’t know"),
1, exact match,
0, otherwise.

234

Long-form QA For long-form QA, our method- 235

ology is inspired by Jacovi et al. (2025); Wei et al. 236

(2024b); Min et al. (2023). We utilize an LLM-as- 237

a-judge approach where the model’s response is 238

decomposed into a set of atomic claims, each of 239

which is then independently verified. Our compos- 240

ite reward function is defined as: 241

f(y) = fclaim − αpformat − βpI 242
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Legal

15.1%

Social Sciences
30.6%

Natural Sciences

6.9%

Engineering and Technology

13.1% Health and Medicine
6.8%

Finance5.8%

Arts and Lifestyle

21.7%

Domains of Filtered Contexts
Full Summary

8.1%Targeted Summary
15.2%

Comparison
19.2%

Impact Analysis

16.7%

Explanation30.3%

Application

10.6%

Type of Questions

Figure 2: Composition of the training data constructed from the FineWeb dataset. The left chart illustrates the
distribution of subject domains for the filtered source contexts, while the right chart shows the distribution of the
types of questions generated based on those contexts.

where the hyperparameters α and β, which weight243

the penalties, are both set to 0.2, respectively. The244

components are defined as follows:245

Factual Accuracy (fclaim): A binary score for246

factual correctness. fclaim is set to 1 if and only247

if all constituent claims are verified as supported248

by the reference material; otherwise, it is 0. Both249

claim extraction and verification are performed by250

an LLM.251

Format Penalty (pformat): A term that penal-252

izes formatting errors. The score is assigned by an253

LLM and is set to 1 if the output contains issues254

such as meaningless repetition or garbled text, and255

0 otherwise.256

Information Density Penalty (pI ): A penalty257

score based on the relevance and density of infor-258

mation, assessed by an LLM against the reference.259

A higher score indicates a greater penalty for lower260

information density, assigned on a three-tier scale:261

• A score of 1.0 for a response that sufficiently262

answers the question with no extra details.263

• A score of 0.5 for a response that provides the264

answer with some additional, relevant infor-265

mation.266

• A score of 0.0 for a response that offers a rich267

and comprehensive answer.268

The LLM judge used for all reward scoring and269

verification tasks in our training process is GPT-270

OSS-120B (Agarwal et al., 2025).271

4 Experiments272

4.1 Setup273

Models We evaluate our proposed methodology274

on two open-source language models: MiMo-275

7B-RL-0530 (Xiaomi et al., 2025) and Qwen3- 276

4B (Yang et al., 2025a). These models are specif- 277

ically selected as they have been reported to be 278

prone to severe hallucinations (Song et al., 2025; 279

Yao et al., 2025). 280

Baseline To establish a robust baseline, we select 281

WildChat (Zhao et al., 2024), following its adoption 282

in similar prior work (Chen et al., 2025). To ensure 283

a fair comparison, we maintain the exact ratio of 284

all other training datasets and substitute only our 285

two synthetic datasets with WildChat. 286

Benchmarks To rigorously evaluate the model’s 287

performance in mitigating hallucinations, we as- 288

sess it on a comprehensive suite of benchmarks 289

categorized by task format. 290

• Unanswerable QA: We use the Self-Aware 291

dataset from Yin et al. (2023) and the Synthetic 292

Unanswerable Math (SUM) test set from Song 293

et al. (2025) to measure the model’s ability to 294

recognize and refuse unanswerable questions. 295

• Short-Form QA: We evaluate factual and rea- 296

soning accuracy on standard benchmarks, includ- 297

ing AIME (MAA, 2024, 2025), TriviaQA (Joshi 298

et al., 2017) and SimpleQA (Wei et al., 2024a). 299

• Long-Form QA with Reference: We use the 300

Facts Grounding benchmark (Jacovi et al., 2025) 301

to assess faithfulness to provided context. For 302

this evaluation, we utilize the public test set, 303

and all claims are verified using GPT-OSS- 304

120B (Agarwal et al., 2025). 305

• Long-Form QA without Reference: To test 306

for extrinsic (knowledge-based) hallucinations, 307

we use 256 samples from FactScore (Min et al., 308

2023) and LongFact (Wei et al., 2024b) respec- 309

tively. For these benchmarks, response verifi- 310

cation is conducted using Gemini-2.5-Pro (Co- 311
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Figure 3: Performance Comparison of CoT Supervision Strategies Across Three Benchmarks.

manici et al., 2025) with search grounding.312

Metrics We employ the following metrics to pro-313

vide a multi-faceted evaluation of model perfor-314

mance:315

• Response-Level Accuracy (Acc.): For short-316

form QA, the criterion is exact match with ref-317

erence answers. For long-form QA, scored as 1318

only if all claims within a single response are fac-319

tually correct; 0 otherwise. Notably, if the model320

refuses to answer a long-form QA, an output with321

zero claims is also considered correct.322

• Claim-Level Accuracy (C. Acc.): The propor-323

tion of individual claims across all test set re-324

sponses that are factually correct. Responses are325

decomposed into atomic claims using an LLM326

prior to evaluation.327

• Average Claim Count (C. Num.): The average328

number of atomic claims generated per response,329

measuring the model’s information density.330

• Hallucination Rate (Hallu.): This metric, based331

on the definition from Wei et al. (2024a), is calcu-332

lated for benchmarks with ground-truth answers333

and represents the percentage of instances where334

the model provides a factually incorrect response.335

4.2 Supervising Chain-of-Thought Reasoning336

The question of whether to apply reward model-337

ing to the intermediate steps of CoT reasoning is a338

subject of ongoing research. Prior work by Baker339

et al. (2025) found that direct supervision of CoT340

can yield modest performance gains but may also341

encourage models to develop undesirable "hack-342

ing" behaviors. To investigate this trade-off, we343

designed three distinct experimental conditions for344

our reward model:345

GRPO with CoT: The entire reasoning chain346

is decomposed into atomic claims by an evaluator,347

and each claim is individually verified.348

GRPO without CoT: Only the final answer is349

evaluated, while the CoT is ignored by the reward 350

function. 351

GRPO with Summarized CoT: The model is 352

prompted to first generate a CoT and then condense 353

its reasoning into a concise summary, which is then 354

submitted to the evaluator for verification. 355

Our findings indicate that full CoT supervision 356

is computationally expensive and yields inconsis- 357

tent results. As shown in Figure 3, while this ap- 358

proach improves performance on reference-based 359

benchmarks like Facts Grounding, it degrades per- 360

formance on open-domain tasks such as LongFact. 361

This negative impact may arise because the evalu- 362

ator misinterprets tentative or self-corrected steps 363

within the reasoning chain as final, incorrect claims, 364

thereby providing a misleading training signal. 365

Conversely, forgoing CoT supervision entirely 366

leads to strong performance on LongFact but of- 367

fers only marginal gains on Facts Grounding and 368

FactScore. The summarized CoT approach, how- 369

ever, provides a more balanced outcome, achieving 370

competitive performance across multiple bench- 371

marks. Given that full supervision fails to deliver 372

universal improvements and incurs substantial com- 373

putational costs, we only adopted the summarized 374

CoT supervision strategy for subsequent experi- 375

ments. This method effectively balances the need 376

to encourage sound reasoning while avoiding the 377

pitfalls of over-penalizing the model’s intermediate 378

thought processes. 379

4.3 Main Results 380

Our reinforcement learning methodology yields 381

substantial and robust improvements across stan- 382

dard short-form benchmarks, as detailed in Table 1. 383

The RL-tuned models demonstrate a significantly 384

enhanced ability to refuse unanswerable questions 385

while maintaining high factual accuracy. For in- 386

stance, on the SimpleQA benchmark, our without 387

CoT method reduces the hallucination rate to as low 388
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Method Unanswerable short-QA AIME24 AIME25Self-Aware SUM TriviaQA SimpleQA
Acc.↑ Acc.↑ Acc.↑ Hallu.↓ Acc.↑ Hallu.↓ Acc.↑ Acc.↑

MiMo-7B-RL-0530

– 71.1 40.6 36.5 61.5 1.9 51.1 49.2 39.2
WildChat 93.4 83.6 43.8 41.6 2.1 30.5 60.9 49.4
w/o CoT(ours) 92.6 82.0 43.3 26.9 1.9 12.4 66.6 49.2
w Sum. CoT(ours) 85.9 84.4 45.9 27.9 2.2 14.2 65.0 52.5

Qwen3-4B

– 53.9 5.5 33.7 65.9 2.7 70.6 62.5 50.0
WildChat 82.0 77.9 45.0 28.3 1.4 20.0 52.7 42.3
w/o CoT(ours) 93.4 78.1 41.2 18.8 0.7 5.0 55.0 43.3
w Sum. CoT(ours) 96.5 74.2 45.4 28.9 1.8 13.0 62.5 47.5

Table 1: Performance on short-form QA, unanswerable questions, and mathematical reasoning. "Hallu." denotes the
hallucination rate. Evaluations for Self-Aware and SUM only use unanswerable subsets.

Method Facts grounding FactScore LongFact
Acc. C. Acc. C. Num. Acc. C. Acc. C. Num. Acc. C. Acc. C. Num.

MiMo-7B-RL-0530

– 35.0 85.2 14.2 1.0 19.1 19.7 32.0 84.7 23.3
WildChat 69.5 83.6 7.4 12.1 31.8 8.8 55.3 92.1 14.9
w/o CoT(ours) 82.3 95.4 6.2 21.2 32.7 9.6 43.0 90.5 15.9
w Sum. CoT(ours) 79.4 94.0 5.4 10.0 27.2 11.3 51.5 91.2 15.9

Qwen3-4B

– 47.1 83.6 8.5 5.0 28.7 16.6 38.0 89.9 22.6
WildChat 72.4 89.9 4.9 10.6 42.0 9.3 68.9 95.1 13.4
w/o CoT(ours) 82.4 92.6 4.5 44.0 52.2 5.2 74.7 96.2 11.2
w Sum. CoT(ours) 79.4 93.1 4.2 44.2 75.7 8.0 73.0 97.3 14.7

Table 2: Performance on long-form QA benchmarks. RL-tuned models show significant gains in response-level
(Acc.) and claim-level (C. Acc.) accuracy, often accompanied by a decrease in the average number of claims (C.
Num.).

as 5.0% for Qwen3-4B and 12.4% for MiMo-7B,389

establishing a solid foundation of reliability.390

A primary highlight of our approach is its supe-391

rior performance on complex long-form generation392

tasks. As shown in Table 2, our models exhibit393

exceptional faithfulness to provided contexts. On394

the Facts Grounding, the Qwen3-4B model tuned395

with our method achieves an accuracy of 82.4%,396

significantly surpassing the baseline performance397

of 72.4%. Similarly, on Factscore, our method con-398

sistently outperforms the baseline, reaching 44.2%399

accuracy. These results underscore our model’s ca-400

pability to maintain coherence and factuality even401

when generating extended responses.402

Crucially, the cautiousness acquired from short-403

form training successfully generalizes to these404

more challenging long-form scenarios. Although405

explicit refusal instructions were limited to short-406

form data, the model learns to apply this boundary407

intrinsically. Human evaluation reveals that our 408

trained Qwen3-4B learned to refuse approximately 409

30% of questions (20% for MiMo) on the challeng- 410

ing FactScore rather than generating unsupported 411

claims. This generalized prudence is a key driver 412

behind the precipitous drop in hallucination rates 413

observed across all benchmarks. 414

While we achieve substantial gains in reliability, 415

a nuanced analysis reveals a distinct trade-off be- 416

tween factual accuracy and verbosity. As observed 417

in Table 2, our models tend to generate slightly 418

fewer claims on average compared to the baseline 419

(e.g., dropping from 4.9 to 4.5 on Facts Grounding 420

for Qwen3). However, this reduction indicates that 421

the models have learned to prioritize conciseness 422

and precision over quantity, filtering out uncertain 423

information without compromising the user experi- 424

ence or the comprehensiveness of the core answer. 425
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Figure 4: Training trajectory on TriviaQA. For MiMo-7B-RL-0530, the hallucination rate drops quickly and
saturates early in training, after which accuracy begins to climb steadily.

5 Analysis and Discussion426

5.1 Asymmetric Learning Dynamics:427

Cautiousness vs. Correctness428

An observation from our training process is the429

asymmetric learning dynamic between acquiring430

cautious behavior and improving factual correct-431

ness. We found that the model rapidly learns to432

adopt a refusal policy, such as responding with “I433

don’t know” or identifying a question as unanswer-434

able. In contrast, the acquisition of new knowledge435

or the refinement of complex reasoning patterns is436

a comparatively slower and more difficult process.437

This disparity in learning rates is clearly illus-438

trated by the training trajectory shown in Fig-439

ure 4. During the initial training phase (before440

step 40), the model’s hallucination rate drops pre-441

cipitously, while its response accuracy increases442

only marginally. A significant rise in accuracy is443

observed only after the hallucination rate has stabi-444

lized at a lower bound, suggesting that the model445

first learns to stop providing incorrect information446

before it learns how to generate correct answers.447

5.2 Generalization for Refusal448

We investigated whether a model, trained with par-449

tial explicit refusal instructions, could generalize450

this cautious behavior to prompts where such in-451

structions are omitted. To test this, we fine-tuned452

the model on a mixed dataset where only 50% of453

the samples contained explicit instructions to re-454

spond with “I don’t know” for unanswerable ques-455

tions. During evaluation, these instructions were456

stripped from all test prompts to assess the model’s457

intrinsic refusal capability.458

Contrary to the assumption that explicit prompt-459

ing is strictly necessary, we observed that the model 460

successfully generalizes this capability, achieving 461

an accuracy of 85%. Notably, this performance 462

slightly exceeds that of the original setup. This 463

improvement is primarily attributed to the intro- 464

duction of GPT-OSS as a Judge: while rigid exact 465

string matching fails to capture non-standard re- 466

fusals, the Judge effectively identifies semantic re- 467

fusals in the model’s responses. This indicates that 468

the refusal boundary is implicitly learned during 469

training, and the Judge serves as a crucial mecha- 470

nism to verify and surface this generalized reason- 471

ing skill, even when the model does not output the 472

exact target string. 473

5.3 Balancing Factual Accuracy and 474

Information Density 475

A prevalent failure mode observed in our rein- 476

forcement learning experiments is reward hacking, 477

where the model converges on an evasive strategy 478

to maximize its factual accuracy score. By min- 479

imizing the response length, the model trivially 480

reduces the probability of generating false claims, 481

resulting in outputs that are factually correct but 482

overly concise. To counteract this tendency and 483

identify the optimal mechanism for encouraging 484

richness without compromising truthfulness, we 485

evaluated three distinct penalty signals: 486

• Information Density: As detailed in Section 3.2, 487

this method applies a semantic, tiered penalty 488

(0.0/0.5/1.0) assessed by an LLM, rewarding 489

comprehensive answers while penalizing sparse 490

ones. 491

• Informative Win-Rate: An LLM judge com- 492

pares the current output side-by-side with the 493

7
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Figure 5: Comparison of Penalty Functions for Balancing Verbosity and Accuracy. The training dynamics illustrate
that directly penalizing for a low number of claims can increase model verbosity late in training, but this explicitly
compromises accuracy. The LLM and win-rate penalties achieve a more stable, albeit more concise, performance.

baseline, explicitly disregarding factual accuracy494

to focus solely on information density. A reward495

is granted only if the current model is preferred496

for its richness.497

• Number of Claims Ratio: A direct quantitative498

penalty based on the volume of atomic claims,499

calculated as the ratio of claims in the generated500

response to the baseline response. This serves as501

a hard constraint against information loss.502

The comparative training dynamics, illustrated503

in Figure 5, reveal distinct trade-offs that justify504

our selection of pI .505

The Informative Win-Rate method (green line)506

failed to meaningfully increase verbosity. We hy-507

pothesize that this stems from the baseline model’s508

poor quality; since baseline outputs contained fre-509

quent hallucinations, the judge—despite instruc-510

tions to ignore accuracy—retained an implicit bias511

for the RL model’s concise, grounded responses.512

While the Number of Claims Ratio (orange line)513

successfully forced the model to increase verbosity,514

it imposed a "hard constraint" that came at a signif-515

icant cost to reliability. As shown in the top row of516

Figure 5, this approach yielded the lowest accuracy517

scores on Facts Grounding and LongFact.518

In contrast, the Information Density achieves the519

most robust equilibrium (blue line), as its tiered,520

semantic evaluation provides a sufficient gradient521

to prevent over-truncation without inducing fabri- 522

cation. Consequently, this mechanism effectively 523

maintains high factual accuracy while preserving 524

the informative depth of the responses, justifying 525

its adoption in our final methodology. 526

6 Conclusion 527

In this work, we present a comprehensive investi- 528

gation into the use of RL to mitigate hallucinations 529

in LLMs across three query types: unanswerable, 530

short-form, and long-form. By synthesizing novel 531

training sets from TriviaQA and FineWeb, we de- 532

veloped targeted reward mechanisms for all the 533

query types. 534

Our key findings offer practical guidance for 535

RL-based alignment. We demonstrate that directly 536

rewarding the model’s CoT process yields dimin- 537

ishing returns relative to its high computational 538

cost. Furthermore, we identify and address a criti- 539

cal failure mode where models learn to evade hal- 540

lucinations by reducing sequence length, and we 541

propose countermeasures to balance factual accu- 542

racy with response quality. Our proposed methodol- 543

ogy demonstrates strong generalization, improving 544

performance across multiple benchmarks and two 545

different base models. Crucially, we show that un- 546

der reasonable settings, training refusal capabilities 547

does not compromise performance on other tasks. 548
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Limitation549

Our study, while comprehensive, has several limi-550

tations that open avenues for future research.551

First, a key limitation is the dependency on a552

single LLM (GPT-OSS-120B) as the primary eval-553

uator. The choice of the reward model can signif-554

icantly influence training outcomes, a factor we555

did not systematically investigate. Our prelimi-556

nary experiments using Gemini-Flash, for instance,557

yielded worse results compared to GPT-OSS-120B,558

which, despite its own tendency to hallucinate,559

proved to be a stricter and more effective judge560

for reference-grounded tasks. Additionally, the561

sufficiency of the judgment accuracy for smaller562

reward models warrants further exploration.563

Furthermore, the diversity of our training data564

for long-form QA without reference tasks is con-565

strained, as it is primarily derived from the Triv-566

iaQA dataset. This narrow data sourcing may re-567

strict the model’s generalization capabilities across568

different knowledge domains and question styles.569

Finally, our current approach treats unanswer-570

able queries in a binary fashion—the model either571

responds or refuses. A more sophisticated imple-572

mentation would involve calibrating the model’s573

confidence. An elegant extension would be to train574

the model to modulate its tone based on its cer-575

tainty: adopting a firm tone for high-confidence576

answers, a tentative one for moderately confident577

responses, and refusing to answer when confidence578

is low. We believe this is achievable through a579

carefully designed reinforcement learning frame-580

work, contingent upon developing a robust reward581

function that can accurately quantify response con-582

fidence.583

Ethical Considerations584

The data we utilized are open for research, and585

evaluated LLMs are all publicly available by either586

parameters or API calls. All human evaluations587

mentioned in this paper are performed by the au-588

thors. Therefore, we do not anticipate any ethical589

concerns in our research.590
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Appendix770

A Use of LLM771

The authors only used the LLM to polish the language of this paper.772

B Experiment detail773

In our experiment, we employed a training batch size of 256. We use learning rate of 1e-6. The maximum774

sequence length was set to 32000 tokens to facilitate complex reasoning tasks. During the training phase,775

both temperature and top-p parameters were configured at 1.0 to promote output diversity. We applied776

on-policy GRPO for 140 steps for the results in Table 1 and 2. All results (including RL and evaluation777

run 1 time, while for AIME24 and AIME25, 32 times).778
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Figure 6: Training dynamic with different reward.

C Soft Reward vs. 0/1 Reward779

We also compared the performance of a soft reward signal against a binary (0/1) reward. The soft780

reward, defined by the formula fclaim =
Nsupported

Ntotal
(Equation 3.2), demonstrated a marginal advantage in781

claim-level accuracy (see Figure 6). This advantage was limited at the response level, particularly when782

measured by FactScore. For this reason, we did not elaborate on this difference.783
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D Prompt for Generate Long-form QA with Reference 784

785
**1. Overall Task** 786
Analyze the source text provided below and generate a high -quality question based on the specified task types , rules , and 787

priority. 788
The generated question must be fully answerable using only the information within the provided `Source Text `; no external 789

knowledge should be required. 790
791

**2. Available Task Types** 792
* ** Impact Analysis :** Asks about the subsequent impact or results of a key event , decision , or discovery mentioned in the 793

text. 794
* ** Internal Logic Explanation :** Asks about the underlying reasons and logic behind a rule , motivation , or design described 795

in the text. 796
* **Example -based Application :** Asks for the creation of a specific case to demonstrate how an abstract concept or rule 797

operates. 798
* ** Specific Content Comparison :** Asks for a comparison of the similarities and differences between two or more related 799

concepts , figures , or data points from the text. 800
* ** Targeted Summary :** Asks for a precise , condensed summary of a specific sub -topic within the text. 801
* **Full Summary :** Asks for a general overview of the core ideas and conclusions of the entire text. 802

803
**3. Priority is:** 804
Impact Analysis > Internal Logic Explanation > Example -based Application > Specific Content Comparison > Targeted Summary > 805

Full Summary 806
807

**4. Additional Generation Rules :** 808
* ** Question Number :** The generated question can combine 1-3 different task types. 809
* ** Length Limitation :** For summary tasks (`Targeted Summary `, `Full Summary `), the question can specify a word count limit , 810

sentence limit or sentence limit (e.g., "in no more than X words" or "in at least X words"). 811
812

**5. Source Text :** 813
{document} 814

815
**6. Return Requirement :** 816
Please return the result strictly in the following JSON format , without any additional explanations or text. When a question 817

combines multiple task types , the `"Task Type"` field should reflect the one with the highest priority. 818
819

```json 820
{{ 821

"Source Text": "This should contain the complete source text you provided in point 5 above", 822
"Task Type": "This should be the name of the highest -priority task type selected from point 2, for example: 'Impact Analysis 823

'", 824
"Generated Question ": "This should be the final , specific question string that was generated" 825

}} 826
``` 827828

E Prompt for Generate Long-form QA without Reference 829

830
Based on the document(s) provided below , rewrite the "Original Question" into a single , open -ended question. 831

832
Guidelines for the rewritten question: 833

834
For a person or thing: It could ask for an introduction , significant experiences , major impacts , key honors , etc. 835

836
For an event: It could ask about its causes , timeline , key people/things involved , and its resulting consequences. 837

838
For a concept or theory: It could ask about its origins and development , the key figures who advanced it, its influence , and 839

practical application examples. 840
841

Crucial Requirement: You must ensure that the rewritten question can be answered and fully verified using only the information 842
given in the document(s). The only exception is for answers that can be derived by pure reasoning based on the provided 843
text. 844

It should be noted that the respondents cannot see these documents , so please do not mention phrases similar to "answer based 845
on the references" in the questions. 846

847
Example 848
Document(s): 849
(Assume the documents contain information about Rafael Nadal 's victory at the 2008 Wimbledon final , his overall career , and 850

his well -known dominance on clay courts , which led to his nickname .) 851
852

Original Question: 853
Who won the 2008 Men 's Singles Final at Wimbledon? 854

855
Rewritten open_ended question: 856

857
```open_question 858
Introduce Rafael Nadal and explain why he is known as "The King of Clay". 859
``` 860

861
Format your final response as a single code block as shown in the example above. 862

863
----- 864

865
Document(s): 866
(The text may contain multiple documents separated by #####) 867
{document} 868

869
Original Question: 870
{question} 871

872
Original Answers: 873
{answer} 874875
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F Prompt for Claim-level Reward876

877
# Role & Goal878

879
You are a helpful and harmless AI assistant. You will be provided with a textual context and a model -generated response.880
Your task is to analyze the response sentence by sentence and classify each sentence according to its relationship with the881

provided context.882
Generate a single , comprehensive JSON object that summarizes the response 's quality across multiple dimensions inside json883

block.884
885

**Input Format :**886
887

The input will consist of two parts , clearly separated:888
889

* ** Context :** The textual context used to generate the response.890
* **User Query :** The question raised by the user regarding the context.891
* ** Response :** The model -generated response to be analyzed.892

893
# Instructions894

895
Your final output **must be a single JSON object inside json block **. Follow the steps and definitions below to construct this896

object.897
898

**Step 1: Sentence -by-Sentence Analysis **899
First , break down the `Response ` into individual sentences. For each sentence , perform an analysis and store the results in a900

list named `sentences_check `. Each object in this list must contain:901
902

- `sentence `: (string) The original text of the sentence.903
- `label `: (string) One of the following four labels:904

- **`supported `**: The sentence is directly entailed by the given `Context `.905
- **`unsupported `**: The sentence is not entailed by the given `Context `.906
- **`contradictory `**: The sentence is falsified by the given `Context `.907
- **`no_rad `**: The sentence does not require factual attribution (e.g., opinions , greetings , questions , disclaimers).908

- `rationale `: (string) A brief explanation for the assigned label.909
- `excerpt `: (string) A direct quote from the `Context `. This is ** required ** for `supported ` and `contradictory ` labels and910

should be `null ` otherwise. The excerpt must fully support or contradict the sentence.911
912

**Be extremely strict :** Unless you can find a clear , indisputable excerpt , default to `unsupported `. Do not use world913
knowledge.914

915
**Step 2: Generate Top -Level Metrics **916
After completing the sentence analysis , create the following top -level keys in the JSON object:917

918
- `overall_reasoning `: (string) A global summary explaining your final evaluation and the reasoning behind the key metric919

scores.920
921

- `has_formatting_errors `: (boolean) Set to `true ` if the response has issues like meaningless repetition , truncation ,922
garbled text , multiple `<think >` tags , or any format errors. Otherwise , set to `false `.923

924
- `all_sentences_grounded `: (boolean) Set to `true ` **if and only if** all sentences in the `sentences_check ` list are925

labeled either `supported ` or `no_rad `. If any sentence is `unsupported ` or `contradictory `, set this to `false `.926
927

- `request_completed `: (boolean) Set to `true ` if the response fully and correctly addresses all parts of the `User Query `,928
including any constraints like word count , sentence count , or tone. Otherwise , set to `false `.929

930
- `completeness_score `: (integer , 0-2) A score for the quality of the response and its reasoning , based on the following931

scale:932
933

- **0**: Answered the question but provided no explanation.934
- **1**: Provided some explanation , but it was not coherent , detailed enough , or was overly verbose.935
- **2**: Provided a reasonable response with a complete , clear , and concise explanation.936

937
# Example938

939
**Input :**940

941
```942
Context: Apples are red fruits. Bananas are yellow fruits.943

944
User Query: Tell me something about apples and bananas.945

946
Response: Apples are red. Bananas are green. Bananas are cheaper than apples. Enjoy your fruit!947
```948

949
** Output :**950

951
952

```json953
{{954

"sentences_check": [955
{{956

"sentence ": "Apples are red.",957
"label": "supported",958
"rationale ": "The context explicitly states that apples are red.",959
"excerpt ": "Apples are red fruits ."960

}},961
{{962

"sentence ": "Bananas are green.",963
"label": "contradictory",964
"rationale ": "The context states that bananas are yellow , not green.",965
"excerpt ": "Bananas are yellow fruits ."966

}},967
{{968

"sentence ": "Bananas are cheaper than apples.",969
"label": "unsupported",970
"rationale ": "The context does not mention the price of bananas or apples.",971
"excerpt ": null972

}},973
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{{ 974
"sentence ": "Enjoy your fruit!", 975
"label": "no_rad", 976
"rationale ": "This is a general expression and does not require factual attribution .", 977
"excerpt ": null 978

}} 979
], 980
"overall_reasoning ": "The response correctly identified one fact but contradicted another and introduced an unsupported 981

claim. Therefore , it is not fully grounded in the context.", 982
"has_formatting_errors ": false , 983
"all_sentences_grounded ": false , 984
"request_completed ": true , 985
"completeness_score": 0 986

}} 987
``` 988

989
**Now , please analyze the following context and response :** 990

991
** Context :** 992
{context_document} 993

994
**User Query :** 995
{user_request} 996

997
** Response :** 998
{response} 9991000
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