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Abstract001

A growing body of work attributes errors in002
LLM outputs to the mismatch between pre-003
training and fine-tuning data distributions. We004
test this hypothesis directly in reading compre-005
hension, where models must produce answers006
faithful to a provided evidence paragraph. To007
reduce such effect, we introduce Continual Pre-008
Training for Reading Comprehension (CPT-009
RC), a method that performs fine-tuning of a010
sample in parallel with continued pre-training011
of its corresponding factual knowledge. We012
formulate a novel RL framework for promot-013
ing factual consistency of the generated an-014
swers. Specifically, GRPO was leveraged to015
reward word-level F1-scores and penalize out-016
put length differences. We adapt GRPO to read-017
ing comprehension via our training scheme, a018
first effort for RL to perform knowledge fine-019
tuning in reading comprehension to our un-020
derstanding. Our experiments on SQuAD and021
HaluEval obtain performance increases of up022
to 17 points with GRPO, and CPT-RC provides023
additional consistent improvements on top of024
GRPO across all settings. To further assess fac-025
tual grounding, we also perform ablation study026
with our new Augmented QA benchmarks, be-027
ing novel question-answer pairs over the same028
source documents. We obtain improvements029
for both closed-book and open-book perfor-030
mance. We also validate scalability on smaller031
models, showing that CPT-RC’s benefits persist032
under limited capacity. Our results establish033
CPT-RC as a simple yet effective strategy for034
mitigating factual grounding errors in LLMs,035
which include hallucinations. Our code and036
dataset will be released upon publication.037

1 Introduction038

A growing body of work attributes a substantial039

portion of factual grounding errors to distribution040

mismatch (Kang et al., 2025; Gekhman et al., 2024)041

between the data used for pre-training and the042

data encountered during fine-tuning and evaluation.043

When examples fall outside the model’s familiar 044

pre-training distribution, errors proliferate even if 045

the model is ostensibly competent at the task. This 046

problem is especially consequential in reading com- 047

prehension, where models must produce answers 048

faithful to a provided evidence paragraph. Such 049

failures of faithfulness, including hallucinations, 050

directly undermine reliability in user-facing deploy- 051

ments. Motivated by this hypothesis, we propose 052

CPT-RC, a simple concurrent training recipe that 053

reduces this mismatch by continual pre-training 054

(also known as mid-training) on the very knowl- 055

edge paragraphs used by reading-comprehension 056

tasks while the model is being optimized for answer 057

quality via reinforcement learning (RL). 058

For model fine-tuning, we adopt GRPO (Shao 059

et al., 2024), with the reward function defined based 060

on the word-level F1 score. Empirical results show 061

that the training process is stable and does not ex- 062

hibit any notable inconsistencies. To the best of 063

our knowledge, this work is the first to introduce 064

GRPO as a methodology for knowledge-centric 065

fine-tuning. By leveraging GRPO in this context, 066

we aim to enhance the model’s ability to retain and 067

apply factual information more reliably. 068

We study CPT-RC on SQuAD and HaluEval, 069

two reading-comprehension benchmarks that sup- 070

ply a question, an answer, and a supporting para- 071

graph per instance. Across both datasets, our 072

GRPO baseline already delivers large absolute 073

gains over a supervised baseline (e.g., +17 EM 074

on SQuAD and +9 EM on HaluEval), and CPT- 075

RC provides additional, consistent improvements 076

on top of GRPO with stable training dynamics. 077

To test whether the concurrent rehearsal strength- 078

ens document-level factual grounding rather than 079

merely rewarding lexical overlap, we further in- 080

troduce Augmented Q&A evaluations that hold 081

the paragraph fixed but replace each original ques- 082

tion–answer pair with new ones; CPT-RC improves 083

performance in both No Context (closed-book) and 084

1



Knowledge Context (open-book) settings.085

Additionally, we examine a small-model setting086

(Qwen-2.5 0.5B) to probe scalability and reward de-087

sign. We find that straightforward reward shaping088

(word-level F1 plus a length-constrained reward)089

yields gains and that CPT-RC’s benefit persists at090

reduced scale, suggesting the approach is not con-091

fined to a particular backbone or compute regime.092

Our contributions are the following:093

1. Our findings indicate that continual pre-094

training consistently improves factual ground-095

ing in reading comprehension. We evaluate096

our models on SQuAD (Rajpurkar et al., 2016)097

and HaluEval (Li et al., 2023) datasets and098

report performance increases in reading com-099

prehension settings.100

2. We demonstrate that GRPO constitutes a ro-101

bust framework for optimizing models with re-102

spect to factuality scores. We utilize GRPO to103

optimize our LLMs with word-wise F1 scores104

as rewards.105

3. We conduct ablation studies that incorporate106

evaluations using an augmented QA dataset.107

We design an augmented QA dataset that uti-108

lizes the same knowledge documents as the109

original dataset, but with different question-110

answer pairs. The purpose of the augmented111

QA dataset is to verify whether the models112

remember knowledge documents well.113

2 Methodology114

2.1 GRPO115

In our approach, GRPO is applied to the read-116

ing comprehension task, but it is not intended to117

induce or promote reasoning. While prior stud-118

ies (Shao et al., 2024; DeepSeek-AI, 2025) have119

employed GRPO in domains such as complex math-120

ematical problem solving, which inherently require121

strong reasoning abilities, our work adopts a sim-122

pler reward design focused on improving factuality.123

Specifically, GRPO leverages rewards based on124

word-level F1 scores and output length differences,125

guiding the model to maintain consistency between126

the knowledge paragraph and the answer.127

Figure 1 presents our methodology. GRPO128

is performed concurrently with Continual Pre-129

Training for Reading Comprehension (CPT-RC).130

For GRPO, we utilize 2 reward terms, one being131

word-wise F1 and the another being length differ-132

ences.133

For word-wise F1, we utilize same logic as orig- 134

inal SQuAD (Rajpurkar et al., 2016) and compute 135

based on word overlaps between predicted words 136

and gold words. 137

precision =
overlap

pred_words
, recall =

overlap
gold_words

(1) 138139

F1 =
2 ∗ precision ∗ recall

precision + recall
(2) 140

"Overlap", "pred_words", and "gold_words" re- 141

flect the count of overlapping words in prediction 142

and gold answer, the count of all words in the pre- 143

diction and the count of all words in the gold an- 144

swer respectively. 145

For length difference reward, absolute difference 146

between lengths of prediction and gold answer is 147

calculated. If the difference is 0, reward of 1.0 is 148

given. Else if the difference is same or smaller than 149

5, reward of 0.5 is given. Else if the difference is 150

same of smaller than 10, reward of 0.2 is given. If 151

the difference is bigger than 10, no reward is given. 152

The length difference reward is provided to protect 153

the model from falling into certain failure modes, 154

such as too long or too short output predictions. 155

This reward will go through computing RL pol- 156

icy loss via advantage calculation, as per GRPO 157

recipe. Let’s depict the loss term for RL as LRL. 158

Then: 159

LRL = LGRPO(RF1 +Rlength) (3) 160

with RF1 being reward based on F1 score and 161

Rlength being reward based on length. 162

2.2 CPT-RC 163

CPT-RC utilizes an additional loss term to compute 164

the pretraining loss. This term "reads" through the 165

context knowledge and produces a loss value, based 166

on next token prediction scheme. 167

Continual pre-training loss LCPT Let the 168

knowledge paragraph be tokenized as k = 169

(k1, . . . , kT ), and let πθ denote the autoregressive 170

policy model. We define the continual pre-training 171

term as the standard teacher-forced next-token neg- 172

ative log-likelihood (average cross-entropy) com- 173

puted only on the knowledge tokens: 174

LCPT(θ) = E(k,q,a)∼D

[
− 1

T

T∑
t=1

log πθ
(
kt | k<t

)]
(4) 175
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Figure 1: Our methodology. Grey area is the RL process and orange areas are components of reading comprehension
task, being question, answer and knowledge. Yellow area depict loss construction and subsequent model updates.
The continual pre-training loss LCPT predicts tokens of the knowledge paragraph k in parallel with GRPO policy
loss; the joint objective is L = LGRPO + αLCPT (Eq. 6).

In practice, for a mini-batch B =176

{(k(i), q(i), a(i))}Bi=1, we use the unbiased177

estimator178

L̂CPT = − 1

B

B∑
i=1

1

|k(i)|

|k(i)|∑
t=1

log πθ
(
k
(i)
t | k(i)<t

)
(5)179

masking out all tokens not belonging to the knowl-180

edge paragraph. Gradients from LCPT are com-181

bined with the GRPO policy gradients in the joint182

objective:183

L̂ = L̂GRPO(RF1 +Rlength) + αL̂CPT (6)184

With 0.0 ≤ α ≤ 1.0 denoting the relative impor-185

tance of L̂CPT term.186

2.3 Augmented Q&A Dataset187

To directly test whether CPT-RC helps models188

internalize and reuse factual content from the189

same source documents seen during training, we190

build augmented Q&A sets by re-using the knowl-191

edge paragraphs provided by HaluEval (and analo-192

gously SQuAD) while creating entirely new ques-193

tion–answer pairs with GPT-4o (OpenAI, 2024)194

that do not appear in the original benchmarks. This195

allows us to test whether models retain document-196

level knowledge beyond the specific questions seen197

during training. Please see Fig. 5.198

Concretely, for each knowledge paragraph k, we 199

generate one or more novel questions q whose an- 200

swers a are short, extractive spans (or minimal 201

paraphrases) supported by k. The augmented sets 202

are used only for evaluation; models are trained 203

on the original benchmark splits, while CPT-RC’s 204

continual pre-training term is applied to the same 205

knowledge text k to rehearse facts. 206

The augmented items form an evaluation-only 207

set. They share the same source paragraphs as 208

the training corpus by design (to test knowledge 209

retention), but their question–answer pairs are held 210

out. 211

3 Experimental Setup 212

We train Qwen 2.5 3B Instruct (Qwen et al., 2025) 213

with GRPO using the RLYX framework (Kim, 214

2025) on 2 nodes of 8 H100 GPUs for 3 epochs on 215

both SQuAD (10K train) and HaluEval (8K train). 216

We use HaluEval as a reading-comprehension 217

benchmark, since it conveniently supplies (ques- 218

tion, answer, supporting paragraph) triples; we eval- 219

uate on the QA task rather than on the benchmark’s 220

hallucination labels. Our prediction prompt is de- 221

scribed in Table 1. Full hyperparameters are pro- 222

vided in Appendix A. 223
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role content

system

This is a conversation between a user and an assistant.

- The assistant provides the answer directly.
- No discussion or thinking process is needed.

- Only the answer should be provided.

**Example**
“‘

user
Natalia sold clips to 48 of her friends in April,
and then she sold half as many clips in May.

How many clips did Natalia sell altogether in April and May?

assistant
72

“‘

You are an AI assistant that answers a question based on the provided knowledge.

**Knowledge**
“‘

The Normans (Norman: Nourmands; French: Normands; Latin: Normanni)
were the people who in the 10th and 11th centuries gave their name to

Normandy, a region in France. They were descended from Norse
....
“‘

user In what country is Normandy located?

Table 1: Sample prompt for a prediction. We utilize 1-shot example to force the model to output answer to the
question only. "Knowledge" section is removed for "No Context" experiment in Table 4.

4 Results224

4.1 Overall Results225

We display our average Exact Match (EM) and F1226

scores in Table 2. We report up to 17 point and227

10 point EM increase for SQuAD and HaluEval228

respectively. We also report 14 point and 7 point229

F1 score increase for SQuAD and HaluEval. Our230

results show that CPT-RC is effective, with consis-231

tent 1 point EM increase in both datasets, compared232

to GRPO only.233

4.2 HaluEval Results234

We display training results on HaluEval, evaluated235

on validation set (Table 2, Figure 2). We observe236

consistent performance increases, both for CPT-RC237

with α = 0.1 and α = 1.0, in contrast to without238

CPT-RC. α = 1.0 emerges as the best HaluEval239

setting (83.10 EM / 89.51 F1). We also observe 240

that training process is stable without catastrophic 241

forgetting. 242

4.3 SQuAD Results 243

We display training results on SQuAD, evaluated 244

on validation set (Table 2, Figure 3). We observe 245

that adding CPT-RC increases the performance 246

of the models during the training process. CPT- 247

RC’s curves remain closely above GRPO, indicat- 248

ing faster progress toward the final plateau. 249

4.4 Small Model Results 250

We experiment with Qwen 2.5 0.5B model with 251

various reward configurations and report the results 252

in Table 3, Figure 4. We report similar EM values, 253

while F1 score increases more than 1 point. Reward 254
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SQuAD HaluEval
Model EM F1 EM F1

Baseline 53.08 (±0.02) 70.73 (±0.01) 73.10 (±0.00) 82.09 (±0.00)
GRPO 70.01 (±0.12) 84.03 (±0.18) 82.17 (±0.29) 89.14 (±0.15)
CPT-RC 0.1 + GRPO 70.48 (±0.27) 84.31 (±0.26) 82.65 (±0.17) 89.27 (±0.17)
CPT-RC 1.0 + GRPO 70.14 (±0.12) 84.34 (±0.46) 83.10 (±0.10) 89.51 (±0.12)

Table 2: Exact match and F1 results on SQuAD and HaluEval dataset.

Figure 2: HaluEval train results on the validation set.
Left is Exact Match (EM) and right is F1 score. Red is
without CPT-RC, pink is CPT-RC with α = 0.1, and
green is CPT-RC with α = 1.0.

shaping matters, with F1 scores increasing from255

81.42 to 82.73 as we add new terms to the mix256

(F1, length and CPT-RC). We also observe that257

CPT-RC’s benefit is visible even at small scale.258

4.5 Augmented HaluEval Q&A Results259

Definition to Augmented HaluEval Q&A dataset260

is in Section 2.3. To probe whether the model261

better internalizes facts from the same documents262

rehearsed during training, we evaluate on Aug-263

mented HaluEval under No Context (closed-book)264

and Knowledge Context (open-book) settings. As265

shown in Table 4, we find that performance in-266

creases for both views. "No context" is the ex-267

periment without "Knowledge" found in system268

prompt of Table 1. This indicates that the CPT-RC-269

trained models understand training set knowledge,270

and uses it to generate answers to given questions.271

4.6 Augmented SQuAD Q&A Results272

Definition to Augmented SQuAD Q&A dataset is273

in Section 2.3. As shown in Table 5, we find that274

Figure 3: SQuAD train results on the validation set. Left
is Exact Match (EM) and right is F1 score. Purple is
without CPT-RC, pink is CPT-RC with α = 0.1, and
red is CPT-RC with α = 1.0.

performance increases by more than 1 point for 275

EM with CPT-RC 0.1, compared to no CPT-RC 276

case. In Knowledge Context, α = 0.1 gives the 277

best result, following the trend in Table 2. 278

For augmented SQuAD Q&A the performances 279

are overall lower, which may be due to the fact 280

multiple questions are already provided per train 281

set documents, compared to HaluEval where only 282

1 question is provided. This may cause the LLM 283

to come up with harder questions than HaluEval. 284

Overall, the results show that CPT-RC is able to 285

teach the models training set knowledge. The mod- 286

els then uses such knowledge to generate answers 287

to questions. 288

5 Analysis 289

We perform probabilistic analysis with 1000 knowl- 290

edge paragraphs from HaluEval. We obtain to- 291

ken probabilities per paragraphs and compute dis- 292

tance on how the token-wise probabilities change 293

with relative to original baselines, from pretrained 294

model and instruct-tuned model. We find that 295
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Figure 4: 0.5B train results for HaluEval on the vali-
dation set. Left is Exact Match (EM) and right is F1
score. Yellow is pretraining only without GRPO, green
is F1 reward only without length reward, purple is with
both F1 reward and length reward, and red is EM reward
only without F1 or length reward. See Section 4.4 for
analysis. Performance captured in Table 3.

Reward EM F1

Pretrain Only 44.50 56.63
EM Only 74.00 81.42
F1 Reward 74.00 82.10
F1 + Length Reward 74.70 82.42
CPT-RC 0.1 + GRPO 74.25 82.63
CPT-RC 1.0 + GRPO 74.75 82.73

Table 3: Exact match and F1 results on 0.5B model.
Description in Section 4.4. Training process captured in
Figure 4.

CPT-RC models end up being closer to pretrained296

model, achieving up to 50% distance decreases297

with final checkpoints. This is likely because the298

joint objective pulls the distribution toward the pre-299

trained model through the continual pre-training300

loss (Eq. 4) while RL (Eq. 3) pushes it away from301

the instruct model’s distribution. This pattern is302

consistent with our motivating hypothesis: by stay-303

ing closer to the pretrained distribution over factual304

content, CPT-RC may reduce the factual grounding305

errors that prior work has linked to hallucinations.306

Distance between 14B model also decreases, sig-307

naling that our model reproduces "smarter" model’s308

token-wise probabilities.309

5.1 Symmetric KL Divergence Space310

To understand how CPT-RC affects the model be-311

yond task metrics, we examine its token-level prob-312

ability distribution over knowledge paragraphs. If313

CPT-RC successfully rehearses factual content, we 314

would expect the model’s distribution over knowl- 315

edge tokens to stay closer to the pretrained model’s 316

distribution, since the pretrained model originally 317

learned these facts. We test this by measuring sym- 318

metric KL divergence between our trained check- 319

points and three reference models: Qwen 2.5 3B 320

(the pretrained base model), Qwen 2.5 3B Instruct 321

(the instruction-tuned starting point), and Qwen 322

2.5 14B (a larger pretrained model). The first two 323

axes capture how training shifts the distribution rel- 324

ative to its starting points, while the 14B axis tests 325

whether CPT-RC moves the model toward a more 326

capable model’s distribution over factual content. 327

We compute symmetric KL divergence via fol- 328

lowing mechanism. First, we start with the defini- 329

tion for KL divergence, as expressed below: 330

KL(p ∥ q) =
∑
i

pi log
pi
qi
. (7) 331

pi being tokenwise probability for the given 332

model, and qi being tokenwise probability for a 333

reference model (Qwen 2.5 3B and Qwen 2.5 3B 334

Instruct in our case). 335

To have a distance that’s symmetric, we should 336

change asymmetric KL divergence and compute 2 337

values with different baselines. 338

D
p∥q
t = KL

(
p(t) ∥ q(t)

)
(8) 339

D
q∥p
t = KL

(
q(t) ∥ p(t)

)
(9) 340

We should then average such KL divergence per 341

tokens to be generated. 342

KL(p ∥ q) =
1

T

T∑
t=1

D
p∥q
t (10) 343

KL(q ∥ p) =
1

T

T∑
t=1

D
q∥p
t (11) 344

With T being length of tokens to be generated. 345

Lastly, we take average of two distinct KL diver- 346

gence values and define them as "Symmetric KL 347

Divergence distance". 348

Dsym(p, q) =
1
2

(
KL(p ∥ q) + KL(q ∥ p)

)
(12) 349

Dsym is the distance value we use to graph Fig. 6. 350
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Figure 5: Augmented Q&A data. Grey area is hypothetical model and orange area is knowledge, being kept the
same in augmented Q&A data generation process. Augmented Question & augmented Answer (yellow in the right
diagram) are generated via an LLM (GPT-4o (OpenAI, 2024)) with respect to the identical knowledge. Please see
Appendix B Table 6 for prompt example.

No Context Knowledge Context
Model EM F1 EM F1

GRPO 16.89 (±0.57) 24.13 (±0.69) 76.86 (±1.14) 86.81 (±0.84)
CPT-RC 0.1 + GRPO 17.38 (±0.64) 24.71 (±0.58) 77.46 (±0.26) 87.40 (±0.18)
CPT-RC 1.0 + GRPO 17.55 (±0.81) 25.02 (±0.57) 77.04 (±0.80) 87.11 (±0.67)

Table 4: Exact match and F1 results on Augmented HaluEval Q&A. Please find the description for the dataset at
Section 4.5.

6 Related Works351

Distribution mismatch in post-training. Prior352

studies suggest that factual grounding errors of-353

ten arise from mismatches between the knowl-354

edge distributions of fine-tuning and pre-training355

datasets. (Kang et al., 2025; Gekhman et al., 2024).356

We take inspiration from their findings and add a357

concurrent pre-training stage to fine-tuning setup,358

reducing this mismatch and improving the model359

performance.360

Continual pre-training and mid-training. Con-361

tinual pre-training has emerged as a practical362

strategy for adapting LLMs to new domains or363

data without retraining from scratch. Gururangan364

et al. (2020) showed that a second phase of in-365

domain pre-training (domain-adaptive pre-training)366

yields consistent gains on downstream classifica-367

tion tasks. More recently, Gupta et al. (2023) stud-368

ied learning-rate re-warming strategies for contin-369

ual pre-training at scale, and Ibrahim et al. (2024)370

demonstrated that simple combinations of learning-371

rate re-warming, re-decaying, and data replay can 372

match full retraining performance for models up to 373

10B parameters. Xie et al. (2024) further showed 374

that data-efficient continual pre-training with care- 375

ful selection strategies can match full-corpus per- 376

formance at a fraction of the cost. These works 377

focus on adapting general-purpose LLMs to broad 378

domain shifts. In contrast, CPT-RC applies con- 379

tinual pre-training at a finer granularity, rehearsing 380

the specific evidence paragraphs used by reading- 381

comprehension tasks, and combines it with re- 382

inforcement learning to jointly optimize factual 383

grounding and answer quality. 384

GRPO and RL for knowledge tasks. 385

GRPO (Shao et al., 2024) is known to work 386

with solving hard mathematics problems. While 387

there exists a few works that handle knowledge 388

with RL (Li et al., 2025; Xu et al., 2025) they 389

are either on an entirely different domain (visual 390

relation comprehension) or on a mathematics 391

dataset. Our work is the first to utilize GRPO on 392

reading comprehension datasets, and we achieve 393
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No Context Knowledge Context
Model EM F1 EM F1

GRPO 5.44 14.81 58.09 80.15
CPT-RC 0.1 + GRPO 6.59 15.47 59.18 80.95
CPT-RC 1.0 + GRPO 6.46 15.70 58.86 79.99

Table 5: Exact match and F1 results on Augmented SQuAD Q&A. Please find the description for the dataset at
Section 4.6.

Figure 6: Average symmetric KL divergence distances
(Eq. 12). Left is train documents and right is test docu-
ments. The models start from grey circle points, under-
goes training with our loss (Eq. 6), and ends up in grey
X points. Interpretation in Section 5.

a performance increase of 17% on SQuAD (Ra-394

jpurkar et al., 2016). We differ from HaluEval (Li395

et al., 2023) and SQuAD in that we augment these396

benchmarks with new question-answer pairs over397

the same knowledge paragraphs, enabling further398

evaluation of factual grounding from continual399

pre-training.400

Single-stage SFT and RL integration. Fu et al.401

(2025) explore single-stage integration of SFT and402

RL for reasoning tasks. Their SRFT framework uni-403

fies supervised fine-tuning and reinforcement learn-404

ing through entropy-aware weighting, demonstrat- 405

ing that SFT induces coarse-grained global policy 406

shifts while RL makes fine-grained selective adjust- 407

ments. Similarly, Liu et al. (2025) propose Unified 408

Fine-Tuning (UFT), which blends a log-likelihood 409

supervision term with the RL objective in a sin- 410

gle stage and theoretically proves an exponential 411

speedup over pure reinforcement fine-tuning. Chen 412

et al. (2025) cast the SFT-RL integration as bilevel 413

optimization, providing a principled framework for 414

jointly training both objectives. These methods all 415

target chain-of-thought reasoning; our work is com- 416

plementary, using continual pre-training for factual 417

grounding while GRPO selectively optimizes an- 418

swer quality in knowledge-centric settings. 419

7 Conclusion 420

We introduce CPT-RC, a simple concurrent train- 421

ing recipe that couples reinforcement learning with 422

continual pre-training on the same evidence para- 423

graphs used by reading-comprehension tasks. For- 424

mally, CPT-RC optimizes a joint objective that 425

adds a next-token prediction loss on the knowl- 426

edge paragraph to the GRPO policy loss. This 427

design directly targets the pretrain–finetune mis- 428

match hypothesized to underlie many ungrounded 429

answers (including hallucinations) by rehearsing 430

document-level facts while optimizing answer qual- 431

ity. Extending CPT-RC to abstractive generation 432

and open-ended QA settings are promising direc- 433

tions for future work. Our results show that CPT- 434

RC is a simple and effective addition to RL-based 435

training for improving factual consistency in read- 436

ing comprehension. 437

Limitations 438

SQuAD and HaluEval both draw heavily on 439

Wikipedia, which means the "knowledge para- 440

graphs" rehearsed by our continual pre-training 441

term are likely already well-represented in the base 442

model’s pre-training corpus. This is a feature for 443
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the distribution mismatch-reduction interpretation444

but a limitation for generalization: we leave the445

question of whether CPT-RC would help with doc-446

uments drawn from scarce, out-of-distribution do-447

mains such as legal, biomedical or code documen-448

tation to future work.449

We evaluate CPT-RC on Qwen family at the 2450

different model sizes. While the consistency of451

gains across these two scales is encouraging, differ-452

ent model families or sizes might reveal different453

behaviors.454
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Hongling Xu, Qi Zhu, Heyuan Deng, Jinpeng Li,552
Lu Hou, Yasheng Wang, Lifeng Shang, Ruifeng Xu,553
and Fei Mi. 2025. Kdrl: Post-training reasoning llms554
via unified knowledge distillation and reinforcement555
learning. Preprint, arXiv:2506.02208.556

A Training Details557

We train the models in bfloat16 format and utilize558

Ray Serve for node-to-node communications. We559

save model checkpoints every 160 steps and report560

the performance on the checkpoints with the best561

performance on the validation set. We set train562

batch size to be 8 and evaluation batch size to be 64.563

We set rollout per sample to 3, rollout temperature564

to be 1.0, and rollout maximum tokens to be 500.565

Learning rate is 5e−7 with cosine scheduler type566

and maximum gradient value of 1.0.567

For SQuAD, we use a truncated split of 10K568

train samples and 10.6K validation samples. For569

HaluEval, the dataset consists of 10K samples with570

an 8K train set.571

B Augmented Q&A Generation Prompt572

For generating augmented question-answer pairs573

(Section 2.3), we prompt GPT-4o (OpenAI, 2024)574

to produce a stylistically similar but conceptually575

distinct QA pair given the knowledge paragraph576

and the original examples. The prompt is shown in577

Table 6.578
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role content

user

You are a helpful assistant.
Ingest the given knowledge and produce a question-answer pair

according to the style of given example,
while concerning different concept from the example.

**Knowledge**
“‘

The Normans (Norman: Nourmands; French: Normands; Latin: Normanni)
were the people who in the 10th and 11th centuries gave their name to

Normandy, a region in France. They were descended from Norse
....
“‘

**Example**
[

{ "question": "In what country is Normandy located?"
"answer": "France"}, ....

]
Generate a question-answer pair that differ from the example,

while being stylistically similar.

Table 6: Sample prompt for generating a pair of augmented Q&A dataset.
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