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Abstract001

Diffusion Language Models (DLMs) have re-002
cently demonstrated remarkable capabilities in003
natural language processing tasks. However,004
the potential of Retrieval-Augmented Genera-005
tion (RAG), which shows great successes for006
enhancing large language models (LLMs), has007
not been well explored, due to the fundamen-008
tal difference between LLM and DLM decod-009
ing. To fill this critical gap, we systematically010
test the performance of DLMs within the RAG011
framework. Our findings reveal that DLMs cou-012
pled with RAG show promising potentials with013
stronger dependency on contextual information,014
but suffer from limited generation precision.015
We identify a key underlying issue: Response016
Semantic Drift (RSD), where the generated an-017
swer progressively deviates from the query’s018
original semantics, leading to low precision019
content. We trace this problem to the denois-020
ing strategies in DLMs, which fail to maintain021
semantic alignment with the query throughout022
the iterative denoising process. To address this,023
we propose Semantic-Preserving REtrieval-024
Augmented Diffusion (SPREAD), a novel025
framework that introduces a query-relevance-026
guided denoising strategy. By actively guiding027
the denoising trajectory, SPREAD ensures the028
generation remains anchored to the query’s se-029
mantics and effectively suppresses drift. Exper-030
imental results demonstrate that SPREAD sig-031
nificantly enhances the precision and effec-032
tively mitigates RSD of generated answers033
within the RAG framework.034

1 Introduction035

While auto-regressive Large Language Models036

(LLMs) have dominated natural language process-037

ing, recent advancements in Diffusion Language038

Models (DLMs) (Nie et al., 2025; Ye et al., 2025;039

Austin et al., 2021) present an attractive alterna-040

tive, demonstrating superior performance in tasks041

requiring fine-grained control due to their parallel042

decoding and iterative refinement capabilities (Li043

et al., 2025b). However, similar to LLMs, DLMs 044

are also confronted with challenges such as knowl- 045

edge gaps and hallucination. On the other hand, 046

Retrieval-Augmented Generation (RAG) (Lewis 047

et al., 2020) has become a foundational technol- 048

ogy for enabling LLMs to generate reliable outputs 049

grounded in external knowledge sources (Fan et al., 050

2024; Zhao et al., 2024). Consequently, integrat- 051

ing DLMs with RAG to mitigate these issues is a 052

pivotal direction, yet remains largely unexplored 053

in the literature. This problem is also highly chal- 054

lenging as DLMs and LLMs have fundamentally 055

different generation processes. Whether the unique 056

architecture of DLMs necessitates different RAG 057

design warrants further investigation. 058

To bridge this gap, we conduct preliminary ex- 059

periments to combine DLMs with RAG for the 060

question answering task (the details are introduced 061

in Section 3.1). As shown in Table 1, DLMs can 062

achieve scores comparable to or even surpassing 063

those of LLMs on metrics such as F1. A partic- 064

ularly notable finding is their stronger tendency 065

for high copy rate (CR), which we define as the 066

proportion of words in the generated answer that 067

appear identically within the provided source con- 068

text. However, as further shown in Figure 1, the 069

absolute precision of DLM-generated answers re- 070

mains a bottleneck. The results suggest that while 071

the copied retrieved content is factually grounded 072

in the context, it may often include redundant de- 073

tails. Consequently, the answer’s relevance to the 074

query’s semantics is diminished. 075

We identify a key issue underlying this phe- 076

nomenon: Response Semantic Drift (RSD) within 077

the generated answer. In contrast to the seman- 078

tic drift in (Spataru, 2024), which measures the 079

separation between correct and incorrect facts in 080

generated text, or other task-specific semantic 081

drifts (Spataru, 2024; Khan and Syed, 2025; Mol- 082

lah et al., 2025), our RSD focuses on the gradual 083

drift in semantic between consecutive sentences 084
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Method
NQ Trivia HotpotQA MuSiQue Multihop UltraDomain

F1 CR F1 CR F1 CR F1 CR F1 CR F1 CR

Qwen2.5-7B 28.33 77.59 40.95 82.68 47.44 77.79 22.25 64.87 26.98 58.67 22.21 45.42
Qwen2.5-32B 23.17 71.69 33.19 78.58 38.42 72.80 20.56 59.76 24.32 58.07 22.33 44.28
Llama3-8B 21.59 70.14 36.73 62.36 39.77 61.91 17.24 59.18 15.11 57.78 28.85 59.59

LLaDA-8B 33.09 81.01 39.80 82.24 44.36 79.82 27.03 72.36 46.34 63.39 30.91 61.78
Dream-7B 38.42 84.81 46.47 84.41 52.40 81.88 30.56 77.65 38.46 58.63 36.92 71.35

Table 1: Performance comparison of LLMs and DLMs equipped with RAG. CR indicates copy rate. DLMs in RAG
achieve high F1 scores and exhibit high copy rates from the provided context.

within the generated content, which can lead to out-085

puts that are coherent at a local level but lack query086

semantics relevance and precision. Our analysis087

further traces this issue to the inherent denoising088

strategies in DLMs, particularly confidence-based089

methods (Nie et al., 2025; Ye et al., 2025; Wei et al.,090

2025; Li et al., 2025a; Wang et al., 2023). These091

strategies determine denoising priorities based on092

global and token-level certainty estimates. How-093

ever, they fundamentally overlook the alignment094

of the denoising process with the query semantics.095

Consequently, the generation process may gradu-096

ally deviate from the original semantics, resulting097

in the observed semantic drift and precision loss.098

To address this challenge and fully unlock099

the potentials of RAGs for DLMs, we pro-100

pose Semantic-Preserving REtrieval-Augmented101

Diffusion (SPREAD). Our core idea lies in assess-102

ing the semantic relevance between generated to-103

ken and query, and then utilizes these scores to104

determine token selection. This strategy actively105

guides the iterative denoising process of DLMs106

at each denoising step, ensuring that the decoded107

text remains closely aligned with query semantics108

throughout the generation process. Compared to109

previous denoising strategies that rely on global110

contexts and token-level certainty, SPREAD dy-111

namically adjusts the denoising process, using112

query semantics as a constraint to suppress seman-113

tic drift. Experimental results show that our method114

consistently and substantially enhances the preci-115

sion of the generated answers and effectively miti-116

gates the issue of RSD across all datasets.117

Our contributions are summarized as follows:118

• We investigate the integration of DLMs and119

RAG and identify Response Semantic Drift as120

a key bottleneck, leading to redundant and in-121

coherent outputs. To the best of our knowledge,122

we are the first to study this critical issue.123

(b) Results of Dream.(a) Results of LLaDA.

Figure 1: Precision and recall of DLMs equipped with
RAG. While both LLaDA and Dream achieve high re-
call, their precision is consistently relatively low.

• We propose SPREAD, a novel framework that 124

introduces a query-relevance-guided denoising 125

strategy to dynamically align the generation pro- 126

cess with the query semantics. 127

• We conduct extensive experiments to validate 128

the effectiveness of SPREAD. Our method sig- 129

nificantly mitigates semantic drift and enhances 130

output quality for both LLaDA and Dream 131

across 6 benchmark datasets. 132

2 Related Work 133

2.1 Retrieval-Augmented Generation 134

RAG enhances language models by integrating 135

external knowledge through joint modeling of re- 136

trieval and generation (Lewis et al., 2020). Subse- 137

quent work has pursued better knowledge integra- 138

tion via richer representations (Huang et al., 2025) 139

and end-to-end retriever optimization to align re- 140

trieval with generation goals (Zhou and Chen, 2025; 141

Li et al., 2025c). Other efforts coordinate the RAG 142

pipeline through joint training (Gao et al., 2025), 143

reinforcement learning (Wang et al., 2024a), or uni- 144

fied ranking-generation schemes (Yu et al., 2024). 145

Furthermore, research has expanded to specialized 146
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data forms, such as developing RAG frameworks147

for table-based knowledge (Chen et al., 2024), and148

explored novel paradigms like organizing knowl-149

edge into multiple partitions for enhanced agentic150

reasoning (Wang et al., 2024b).151

While RAG is a vital solution for knowledge sup-152

plementation and hallucination reduction in genera-153

tive models, its application to the DLM paradigm is154

unexplored. A key research question is whether the155

DLM’s unique architecture and decoding process156

require new methodologies for such integration.157

2.2 Diffusion Language Models158

DLMs offer a non-autoregressive alternative for159

LLMs, which generate text through iterative denois-160

ing for parallel decoding and enhanced controlla-161

bility (Li et al., 2025b). Recent research on DLMs162

has branched along several paths. Initial explo-163

rations with continuous DLMs operating in latent164

spaces demonstrated advantages in efficiency and165

controllability (Xu et al., 2025; Chen et al., 2025).166

However, for textual data, discrete diffusion meth-167

ods have been developed as a more direct approach168

to better model text tokens (Lou et al., 2024). Build-169

ing on this, masked and likelihood-based methods170

have demonstrated competitive performance, nar-171

rowing the gap with autoregressive models (Sahoo172

et al., 2024; Gulrajani and Hashimoto, 2023). Hy-173

brid approaches like block diffusion further balance174

efficiency and flexibility (Arriola et al., 2025).175

However, the integration of DLMs with RAG176

remains a notably underexplored area. Even with a177

preliminary attempt for continuous DLMs (Anony-178

mous, 2025), the fundamental challenge of how to179

effectively ground the iterative denoising process of180

DLMs on retrieved knowledge has not been system-181

atically explored. A core challenge is how to ensure182

that the iterative denoising process over tokens re-183

mains semantically anchored to the dynamically184

retrieved knowledge throughout the generation.185

3 Exploratory Experiments and Analyses186

In this section, we conduct a detailed analysis to187

explore the potential and identify challenges of188

combining DLMs with RAG. We begin by present-189

ing preliminary experiments, which reveal a key190

performance bottleneck, i.e., low answer precision,191

and motivate a deeper investigation into their gen-192

eration process.193

3.1 Preliminary Results 194

To investigate the performance of DLMs equipped 195

with RAG, we conducted some preliminary exper- 196

iments on. For the retrieval component of RAG, 197

we employ a dense vector retriever powered by the 198

NV-Embed-v2 encoder (Lee et al., 2025). All doc- 199

uments are first segmented into chunks of 2,000 200

characters. For each query, we retrieve the top-5 201

most relevant passages based on vector similarity. 202

These retrieved passages are then concatenated and 203

provided as the context to the language model for 204

answer generation. We compare the performance 205

of DLMs against LLMs on question answering 206

benchmarks (detailed experimental setups are pro- 207

vided in Section 5.1). 208

The results are shown in Table 1 and Figure 1. 209

On the one hand, DLMs achieve factual accuracy 210

scores comparable to or even surpassing their au- 211

toregressive counterparts on metrics such as F1. 212

This appears to stem from their strong inclination 213

to copy content verbatim from the provided context. 214

However, compared to high recall, the absolute pre- 215

cision of DLM-generated responses often emerges 216

as a distinct performance bottleneck. These re- 217

sults suggest that while directly adopting RAGs 218

can empower DLMs to copy factually grounded 219

text from retrieved knowledge, it may also include 220

considerably redundant and irrelevant information. 221

Consequently, the answer’s relevance to the query’s 222

semantics is not fully optimized. 223

Overall, the results suggest that combining 224

DLMs with RAGs provides promising potentials, 225

but directly adopting the off-the-shelf RAG does 226

not achieve optimal results. In the following sub- 227

sections, we provide in-depth analyses for this phe- 228

nomenon and motivate our proposed method. 229

3.2 Response Semantic Drift 230

To gain further insights, we take a closer look at the 231

iterative denoising process in discrete DLMs and 232

observe a critical phenomenon: the generated con- 233

tent, while potentially factually related to the con- 234

text, is not fully faithful to the query. Concretely, 235

the outputs tend to be redundant and gradually di- 236

verge from the core semantics of the query. We 237

term this problem affecting the generation quality 238

as Response Semantic Drift (RSD). 239

Formally, given a generated answer text a, we 240

segment it into a consecutive sequence of sentences 241

S = {s1, s2, ..., s|S|}. We measure the average 242

semantic incoherence between adjacent sentences 243

3



within the generated answer, calculated as follows:244

RSD(a) =
1

|S| − 1

|S|−1∑
i=1

Dist(si, si+1), (1)245

where Dist(si, si+1) denotes the semantic distance246

between two adjacent sentences si and si+1. A247

larger value indicates more pronounced semantic248

drift between consecutive sentences, corresponding249

to poor overall coherence.250

We employ cosine distance based on a high-251

performance pre-trained semantic encoder to quan-252

tify the semantic difference between sentences:253

Dist(si, si+1) = 1− cosine(Enc(si),Enc(si+1)).
(2)254

We provide an illustrative example in Figure 2.255

Consider a simple query such as “What year was256

the Eiffel Tower built?” along with its relevant257

context. A straight-forward DLM-RAG baseline258

model might generate an answer as shown in Fig-259

ure 2(a). Although each sentence is independently260

correct and derived from the retrieved context, the261

response as a whole exhibits significant semantic262

drift. For instance, the content may jump from263

the tower’s structural features to its construction264

timeline, thereby failing to precisely focus on the265

query’s semantics regarding the construction date.266

In contrast, an ideal response would directly ad-267

dress the core of the query as shown in Figure 2(b).268

Alternatively, it could expand on the core topic269

while maintaining high thematic coherence, e.g.,270

“The Eiffel Tower was built from 1887 to 1889. Its271

construction took two years.” In this response, the272

RSD between consecutive sentences is minimal.273

3.3 Semantic Drift in the Denoising Process274

The problem of RSD stems from a fundamen-275

tal conflict between the local optimization of the276

DLM’s denoising process and the global seman-277

tic requirements of question answering with RAG278

tasks. The standard diffusion denoising process279

relies on strategies based on confidence or entropy.280

These strategies operate on a step-wise basis, which281

are inherently local and greedy. At each iteration,282

its primary objective is to select the most proba-283

ble token based on the retrieved context and the284

current generative state. However, this process of285

locally optimal denoising lacks a global alignment286

for semantics. In question answering tasks, the287

objective is to maintain global alignment of the288

entire sequence with the query’s semantics. The289

"The Eiffel Tower was built from 

1887 to 1889." 

→ Precision: 0.75 

High Precision & Concise

Query: 

What year was the Eiffel Tower built? 

Retrieved Context:

The Eiffel Tower is a wrought-iron lattice tower on the Champ de 

Mars in Paris, France……It was built from 1887 to 1889.

wrought-iron lattice

Paris, France

built from 1887 to 1889

wrought-iron lattice

Paris, France

built from 1887 to 1889

①Context-Based Confidence ①Query-Based Relevance

"The Eiffel Tower is a wrought-

iron lattice tower in Paris, France, 

built from 1887 to 1889." 

→ Precision: 0.38 

Low Precision & Redundant

②Confidence-Based Denoising ②Semantic-Preserving Denoising  

0.82(high) 

0.83(high) 

0.73(high) 

0.13(low) 

0.21(low) 

0.80(high) 

(a) Context-Based Confidence (b) Query-Based Relevance

Figure 2: An illustration comparing different denoising
strategies in DLMs. (a) Context-Based Confidence. The
model relies on its internal confidence score, which
is potentially biased by the global retrieved context,
causing the model to generate irrelevant information. (b)
Query-Based Relevance. An ideal approach maintains a
persistent focus on the query’s semantics, which allows
the model to prioritize relevant facts and generate a
concise and relevant response.

final generated answer must remain strictly aligned 290

with the semantics of the initial query. Since stan- 291

dard denoising strategies overlook this overall goal, 292

the influence of the original query is reduced over 293

successive iterations. Consequently, the generation 294

process falls into a series of local decisions, and 295

minor deviations at each step gradually accumulate 296

and amplify throughout the iterative process. Fi- 297

nally, the model is likely to forget the query and 298

generate technically correct but irrelevant answers. 299

Therefore, resolving this issue requires a strategy 300

that can guide the denoising process and enforce 301

a global semantic constraint, especially the align- 302

ment with the query’s semantics, which is the key 303

motivation for our proposed method. 304

4 Method 305

In this section, we introduce our method in detail. 306

Our central idea is to introduce a query-relevance- 307

guided denoising strategy at each iterative denois- 308

ing step, which dynamically adjusts denoising pri- 309

orities by evaluating the semantic relevance be- 310

tween candidate tokens at masked positions and 311

the query, thereby guiding the generation process 312

to consistently anchor to the query semantics. 313

4.1 Overall Framework 314

The framework of SPREADis illustrated in Fig- 315

ure 3. We introduce a Query-Token Semantic Rele- 316

vance Assessment module at each denoising step, 317
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Query Context The Tower <mask>Eiffle is

decode decode mask

(a) Confidence-based Strategy

𝒄𝒐𝒏𝒇 = max 𝒑𝜽 𝒙𝒊
𝒙𝒊：masked token

𝑪𝒐𝒏𝒇=0.90 𝑪𝒐𝒏𝒇 =0.85 𝑪𝒐𝒏𝒇 =0.73
②Confidence-based Token 

Selection

③Update state

Query Context The Tower is aEiffle

①Model Forward 

t+1

Query Context The Tower is aEiffle

Query Context The Tower <mask>Eiffle <mask>

decode mask mask

(b) Our SPREAD Strategy

Relevance Score: 𝑅𝑒𝑙 𝑞, 𝑥𝑖
𝑥𝑖：masked token t+1

𝑹𝒆𝒍 =0.45 𝑹𝒆𝒍 =0.12 𝑹𝒆𝒍 =0.08

③Relevance-Guided Token 

Selection

①Model Forward 

④Update state

②Query-Token Semantic 

Relevance Assessment

Select the top k positions with 

the highest scores

𝑹𝒆𝒍 =0.45 𝑹𝒆𝒍 =0.12 𝑹𝒆𝒍 =0.08

Figure 3: An overview and illustrative comparison of
our proposed method: (a) Confidence-based Strategy:
The existing methods rely on local model confidence
for token selection, lacking guidance from the global
query semantics and leading to semantic drift during
generation. (b) Our SPREAD strategy: We assess the
relevance of each candidate token to the query and di-
rectly guides the token selection, actively steering the
generation process to maintain continuous alignment
with the query semantics.

following the standard forward pass of the DLM.318

Without requiring additional encoding overhead,319

this module uses the model’s internal representa-320

tions in the forward pass to compute a semantic rel-321

evance score between each masked position and the322

query. A Relevance-Guided Token Selection strat-323

egy then utilizes these scores to determine which324

token predictions should be decoded in the current325

step and which should remain masked for refine-326

ment in subsequent steps. This process is repeated327

in every iteration, ensuring that continuous seman-328

tic alignment is maintained throughout the entire329

denoising process. Next, we elaborate on these two330

modules.331

4.2 Query-Token Semantic Similarity332

Assessment333

We realize the semantic alignment by measuring334

semantic similarity. Our method is based on the335

principle that a token’s similarity to the query in the336

semantic space directly measures its consistency337

with the query’s overall semantics. By comput-338

ing and utilizing this semantic relevance, we can339

effectively steer the generation process to remain 340

anchored to the query’s semantics. To precisely 341

measure the consistency of these local generation 342

decisions with the global query semantics, we de- 343

sign a semantic relevance assessment module based 344

on the model’s internal representations. 345

Contextualized Embedding Extraction Given 346

the sequence state xt at the denoising step t and 347

the query q, we utilize the model’s own forward 348

pass to obtain contextualized hidden layer repre- 349

sentations. Let the model output hidden states for 350

all layers be H ∈ RL×N×d, where L is the num- 351

ber of layers, N is the sequence length, and d is 352

the hidden dimensionality. We select the hidden 353

state of the last layer as the final contextualized 354

representation where the representation of the i-th 355

position is denoted as hi ∈ Rd. Compared to static 356

token embeddings, hi incorporates deep semantic 357

information from the sequence context, allowing 358

it to more accurately reflect the semantic content. 359

This approach requires only a single model forward 360

pass and introduces no additional computation for 361

token embeddings. 362

Semantic Similarity Computation To maintain 363

consistency in evaluation, the query q also obtains 364

its complete semantic representation through a for- 365

ward pass of the same model. We compute the 366

cosine similarity between the hidden state hi and 367

the query representation hq as the measure of their 368

semantic relevance: 369

Sim(i, q) =
hi · hq

∥hi∥∥hq∥
. (3) 370

This metric is aligned in computational principle 371

with the RSD metric defined in section 3. 372

Then we map the similarity to a normalized rele- 373

vance score. To smoothly amplify high-relevance 374

signals, we apply the Sigmoid function σ(·) : 375

Rel(i, q) = σ(Sim(i, q)), (4) 376

where Rel(i, q) ∈ (0, 1) directly represents the es- 377

timated probability that the content at position i is 378

semantically aligned with the query q. 379

4.3 Relevance-Guided Token Selection 380

Based on the computed Rel(i, q), SPREAD em- 381

ploys a straightforward and efficient strategy to 382

guide the denoising process. 383

At denoising step t, the model produces an ini- 384

tial prediction distribution for all masked positions 385
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i ∈ Mt. We first calculate the relevance scores386

{Rel(i, q)}i∈Mt for these positions. Subsequently,387

we select the top k positions with the highest scores,388

where k is a predefined or dynamically determined389

hyperparameter, and decode the predicted tokens at390

these positions, replacing the original masks. The391

remaining masked positions retain their masked392

status, waiting for further evaluation and prediction393

in subsequent iterative steps.394

By prioritizing the retention of the token most395

relevant to the query, our strategy directly sup-396

presses the accumulation of unrelated information397

and enforces alignment with the query’s semantics,398

which reduces RSD, and thereby enhances the pre-399

cision of the generated answers. The pseudo-code400

of SPREAD is shown in Appendix A.401

5 Experiments402

This section presents a systematic experimental403

evaluation to assess the effectiveness of our pro-404

posed SPREAD method. Our experiments are de-405

signed to answer three key research questions:406

• Q1: Can SPREAD consistently improve an-407

swer precision and suppress RSD across various408

datasets and model baselines?409

• Q2: Does SPREAD show superior performance410

compared to existing DLM denoising strategies?411

• Q3: How does SPREAD affect different aspects412

of DLMs, such as copy rate and efficiency?413

5.1 Experimental Setup414

Datasets To comprehensively evaluate model415

performance across diverse knowledge retrieval416

and integration scenarios, we conduct experi-417

ments on six widely-used open-domain question-418

answering (QA) datasets: Natural Questions419

(NQ) (Kwiatkowski et al., 2019) and Trivi-420

aQA (Joshi et al., 2017), which focus on factual421

QA, the multi-hop QA datasets HotpotQA (Yang422

et al., 2018), MuSiQue (Trivedi et al., 2022), and423

MultiHop-RAG (Tang and Yang, 2024), which re-424

quire reasoning by synthesizing information from425

multiple documents, and UltraDomain (Qian et al.,426

2025), which challenges the model’s capability for427

in-depth understanding within a vertical domain.428

These datasets encompass varying difficulties and429

requirements. The statistics and more details are430

provided in Appendix B.431

Evaluation Metrics Guided by the problem anal- 432

ysis in Section 3, we employ Precision (denoted 433

as P) and Response Semantic Drift (RSD) as our 434

core evaluation metrics, directly measuring the fac- 435

tual accuracy and internal semantic coherence of 436

the the answers, respectively. Additionally, we use 437

the Copy Rate (denoted as CR) and Redundancy 438

(denoted as R) as auxiliary analytical metrics to 439

gain deeper insights into the model’s generation 440

behavior, with both metrics calculated at the word 441

level. Specifically, Copy Rate quantifies the extent 442

of verbatim reproduction from the source context 443

by computing the proportion of overlapping words 444

between the generated answer and the provided 445

context. Redundancy measures the repetitiveness 446

within the generated answer itself, indicating an 447

inefficient or circular information presentation. 448

Baseline Models We select two representative 449

open-source DLMs as our base models: LLaDA- 450

8B-Instruct (Nie et al., 2025) and Dream-7B- 451

Instruct (Ye et al., 2025). For LLaDA, we compare 452

three denoising strategies, including the native ran- 453

dom strategy and confidence-based strategy in their 454

original article, and our SPREAD. For Dream, we 455

compare its entropy-based strategy and maskgit- 456

plus strategy, and SPREAD. 457

Implementation Details We use a dense vec- 458

tor retriever based on the NV-Embed-v2 encoder, 459

with document chunks of 2,000 characters, retriev- 460

ing the top-5 relevant passages as context for each 461

query. To ensure a fair comparison, all experiments, 462

including baselines and our method, share the same 463

generation hyper-parameters: the number of diffu- 464

sion steps is 128, the maximum new token length 465

is 512, and the sampling temperature is 0.1. All re- 466

ported results are averaged across all queries within 467

that dataset. 468

5.2 Main Results 469

To answer Q1 and Q2, Table 2 provides a 470

comprehensive performance comparison between 471

SPREAD and the baselines, evaluated on both 472

LLaDA and Dream base models with all denoising 473

strategies across all datasets. 474

The results demonstrate that SPREAD consis- 475

tently and significantly improves the precision of 476

generated answers in all experimental settings, 477

achieving an average absolute increase of 15.34% 478

on LLaDA and 30.90% on Dream. This directly 479

shows that guiding the generation process with 480

query semantics effectively filters out irrelevant 481
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Model
NQ Trivia HotpotQA MuSiQue Multihop UltraDomain

P RSD P RSD P RSD P RSD P RSD P RSD

LLM
Qwen2.5-7B 21.02 32.88 37.81 16.47 45.40 26.41 19.61 40.50 25.53 49.95 13.42 72.42
Qwen2.5-32B 15.25 47.80 28.42 28.42 33.77 43.72 16.47 60.95 22.62 54.66 13.47 71.86
LLaMA3-8B 14.47 59.21 32.55 29.23 35.22 38.45 13.19 55.78 12.99 61.79 18.97 71.37

DLM

LLaDA (random) 20.63 29.35 30.38 16.09 35.60 27.19 19.28 28.16 28.07 37.37 21.58 63.60
LLaDA (low-conf) 26.05 23.01 36.04 11.12 41.38 24.40 23.91 20.92 44.91 24.28 23.89 65.57
LLaDA (SPREAD) 30.37 21.79 42.46 8.91 48.71 19.26 26.67 17.82 48.73 19.79 29.33 61.48

Dream (maskgit-plus) 37.11 12.60 47.08 3.48 52.42 6.04 31.35 4.51 37.05 32.13 36.24 62.62
Dream (entropy) 35.25 12.61 44.30 3.44 50.16 5.54 29.33 4.02 35.85 32.12 41.69 59.27
Dream (SPREAD) 52.79 4.83 55.71 1.29 59.37 4.05 37.78 1.13 59.09 9.46 58.19 24.66

Table 2: The results of different methods for the question answering task. P indicates Precision (↑) and RSD
indicates Response Semantic Drift (↓). The best results are in bold and the second-best results are underlined.

information, leading to more focused and accurate482

responses. Corresponding to the gain in precision,483

SPREAD also significantly reduces Response Se-484

mantic Drift, with an average relative reduction ex-485

ceeding 10.92% on LLaDA and 61.18% on Dream.486

This validates our core hypothesis that aligning487

the generation trajectory with the query semantics488

fundamentally mitigates RSD between sentences,489

thereby enhancing overall coherence.490

5.3 Further Analysis491

To address Q3 and gain further insights into our492

method, we conduct a series of analyses.493

5.3.1 Impact on Copy Rate494

In this subsection, we analyze the model’s behav-495

ior in copying content from retrieved context. As496

shown in Figure 4, SPREAD does not significantly497

alter the overall Copy Rate of the answers. Mean-498

while, Redundancy is decreased significantly. The499

results support our argument that in RAG, how500

many retrieved contents are copied alone are insuf-501

ficient measurements, but what content is copied is502

far more critical. By guiding the model to prioritize503

copying content strongly related to the query se-504

mantics, SPREAD significantly enhances the qual-505

ity and integration of the retrieved information for506

enhanced question answering ability.507

5.3.2 Multi-dimensional Analysis508

To provide an integrated view of our method’s per-509

formance across multiple evaluation dimensions,510

we use a radar chart to summarize five key metrics:511

F1, Recall, and Precision, together with ROUGE-512

1 and ROUGE-L which measures unigram and513

longest-sequence overlap against reference texts,514

(b) Results of Dream.

(a) Results of LLaDA.

Figure 4: A comparative analysis of Copy Rate and
Redundancy across different denoising strategies.

respectively. As shown in Figure 5, SPREAD cov- 515

ers a noticeably larger area than all baseline strate- 516

gies, demonstrating its overall superiority. The 517

chart highlights that our method achieves dominant 518

performance in four of the five metrics, including 519

F1, Precision, ROUGE-L, and ROUGE-1. This re- 520

flects an enhanced ability to generate answers that 521

are factually accurate. Meanwhile, its Recall score 522

remains on par with the strongest baselines, which 523

indicates that our method boosts precision and co- 524

herence without sacrificing its capacity to cover rel- 525

evant information from the retrieved context. This 526

holistic evaluation confirms that SPREAD delivers 527

a more balanced and effective generation quality, 528
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Figure 5: The results of multi-dimensional comparison
of different masking strategies.

Model Strategy Avg Time (s) Tokens/sec

Dream
maskgit-plus 19.64 30.72
entropy 18.34 32.41
SPREAD 19.02 31.49

LLaDA
random 27.33 21.08
low-confidence 27.39 21.03
SPREAD 27.56 20.90

Table 3: Efficiency comparison of different denoising
strategies. The best results are in bold.

excelling in the aspects most crucial for reliable529

question answering tasks.530

5.3.3 Efficiency Analysis531

To comprehensively assess the practical efficiency532

of our method, we conduct a detailed efficiency533

analysis comparing the computational cost of534

SPREAD against various baseline denoising strate-535

gies. We adopt two metrics, including the Aver-536

age Generation Time, measured for generating full537

answers on the validation set, which reflects the538

end-to-end cost of the iterative denoising process,539

and Tokens/second, which directly compares the540

decoding speed across different models. All exper-541

iments are conducted on a single NVIDIA H200542

GPU with 141 GB of memory.543

As shown in Table 3, the computational overhead544

introduced by SPREAD is minimal. Compared545

to the baseline, SPREAD incurs an increase of546

only 0.23s on LLaDA and 0.68s on Dream. This547

slight overhead is attributed to the computation of548

query-token semantic relevance scores, which is549

extremely efficient as it reuses the model’s existing550

hidden states without requiring extra encoding.551

In summary, our SPREAD strategy achieves sig-552

nificant improvements in answer precision and co-553

herence by introducing only negligible computa-554

tional time overhead, which ensures its practicality555

and efficiency for real-world applications.556

Metric Pair LLaDA Dream

RSD-Precision -0.36 -0.24
RSD-Redundancy 0.46 0.55
RSD-Copy Rate -0.30 -0.16

Table 4: The Pearson correlation of RSD with Precision,
Copy Rate and Redundancy.

5.3.4 Relationship with Other Metrics 557

To empirically analyze the relationship between 558

RSD and classical evaluation metrics in text gen- 559

eration, we calculate the Pearson correlation coef- 560

ficients between RSD and Precision, Redundancy, 561

and Copy Rate, with results presented in Table 4. 562

The results reveal a moderate negative correla- 563

tion between RSD and precision across both DLM 564

backbones, statistically confirming that semantic 565

incoherence within generated text is a plausible 566

factor that impairs generation precision. 567

Furthermore, the results show a strong positive 568

correlation between RSD and redundancy, affirm- 569

ing their intrinsic connection in terms of redundant 570

information. In other words, our metric can po- 571

tentially identify generated content that is novel 572

in wording but suffers from topic jumps or logi- 573

cal fractures between sentences, a blind spot for 574

existing redundancy metrics. 575

Lastly, RSD shows a weak negative correlation 576

with copy rate. The result suggests that a high copy 577

rate per se is not related to semantic drift, i.e., a 578

model can perform “high-quality copying” by co- 579

herently integrating valuable information from the 580

retrieved context and generate consistent answers. 581

In sum, the empirical results further validate that 582

RSD can systematically quantifies the internal se- 583

mantic coherence of generated answers. 584

6 Conclusion 585

This work investigates the integration of discrete 586

DLMs within the RAG paradigm. We first identify 587

and formalize a key challenge: Response Semantic 588

Drift (RSD), which quantifies the progressive devi- 589

ation from query semantics in generated answers. 590

To address this limitation, we propose SPREAD, 591

a novel framework that steers the generation tra- 592

jectory using a query-relevance-guided denoising 593

strategy. Comprehensive experiments demonstrate 594

that SPREAD delivers consistent and significant 595

improvements by effectively enhancing answer pre- 596

cision and substantially reducing RSD. 597
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7 Limitations598

While SPREAD demonstrates significant efficacy,599

its performance is contingent on the relevance of600

retrieved context, while co-designing the retriever601

and generator can create a feedback loop for en-602

hanced performance. Additionally, we current only603

validate our method on benchmark QA tasks and604

we aim to extend it for more open-ended generation605

tasks such as story writing.606
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A Algorithm Details 794

In this section, we provide the pseudo-code of our 795

method in Algorithm 1. 796

B More Details about Datasets 797

Detailed dataset descriptions are as follows. 798

• Natural Questions (Kwiatkowski et al., 2019): 799

A large-scale question answering benchmark 800

dataset consisting of real user queries paired 801

with Wikipedia pages. 802

• TriviaQA (Joshi et al., 2017): A large-scale 803

reading comprehension dataset with complex, 804

compositional questions and independently col- 805

lected evidence documents, designed to chal- 806

lenge cross-sentence and multi-document rea- 807

soning. 808

• HotpotQA (Yang et al., 2018): A challenging 809

question answering dataset built on Wikipedia, 810

containing question-answer pairs that require 811
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Dataset NQ Trivia HotpotQA MuSiQue MultiHop UltraDomain

Num of Queries 1,000 1,000 1,000 1,000 1,000 958
Num of Passages 7,830 1,432 66,581 29,898 609 161

Average Length of Question 9.19 13.21 16.17 13.96 45.99 12.74
Average Length of Answer 2.61 2.02 2.44 2.73 1.30 39.31

Table 5: Dataset Statistics

finding and reasoning over multiple supporting812

documents, with sentence-level annotated sup-813

porting facts.814

• MuSiQue (Trivedi et al., 2022): A systemati-815

cally constructed multi-hop question answering816

dataset consisting of 2-4 hop questions gener-817

ated via a bottom-up composition of single-hop818

queries.819

• MultiHop-RAG (Tang and Yang, 2024): A820

benchmark dataset for retrieval-augmented gen-821

eration that evaluates models on multi-hop822

queries requiring iterative retrieval and reason-823

ing across multiple documents.824

• UltraDomain (Qian et al., 2025): A benchmark825

dataset spanning diverse specialized domains,826

designed to evaluate models on long-context,827

high-level queries that require holistic under-828

standing and multi-information synthesis.829

Specifically, the MultiHop-RAG dataset is licensed830

under ODC-BY 1.0, MuSiQue under CC BY 4.0,831

and HotpotQA under CC BY-SA 4.0. The use832

of other established benchmarks follows standard833

scholarly citation and fair use conventions. We uti-834

lize all datasets strictly as benchmarks for experi-835

mental evaluation, which aligns with their intended836

research use. The statistics of these datasets are837

shown in Table 5.838

C Ethical Considerations839

While our proposed method aims to enhance gen-840

eral language model performance and is verified in841

benchmark question answering tasks without any842

specific ethical designs, potential risks include its843

misuse for generating persuasive misinformation844

and the perpetuation of biases from the underlying845

semantic encoder. Integrating source verification846

and fairness testing could reduce these risks.847

D AI Usage Statement848

During the preparation of this paper, we utilize849

AI writing assistants to enhance the quality of our850

Algorithm 1 Semantic-Preserving Retrieval-
Augmented Diffusion (SPREAD)

Require: Query q, retrieved context c, discrete
diffusion model M , the total denoising steps
T , tokens to retain per step k

Ensure: Generated answer x0

1: xT ← [MASK] ∗ L
2: hq ←M.encode_query(q)
3: Prefix q and c to the model input.
4: for t = T down to 1 do
5: // Step 1: Obtain Contextualized Repre-

sentations
6: h←M.forward(xt)
7: Mt ← GetMaskedPositions(xt)
8: // Step 2: Compute Relevance Scores
9: Rel← zeros(|Mt|)

10: for idx, i ∈ enumerate(Mt) do
11: Sim(i,q)← cosine(hi,hq)
12: Rel(i,q)← σ(Sim(i,q))
13: end for
14: // Step 3: Relevance-Guided Top-k Selec-

tion & Update
15: TopKIndices← Argsort(Rel(i,q))[: k]
16: for j ∈Mt[TopKIndices] do
17: xt[j]←M.predict_token(xt, j)
18: end for
19: xt−1 ← xt

20: end for
21: return x0

writing. Its primary role was to assist in checking 851

for grammatical errors, correcting spelling, improv- 852

ing sentence structure and polishing phrasing.We 853

hereby declare that all core scientific ideas, experi- 854

mental designs, data analysis, and final conclusions 855

are the original work of the authors. The authors 856

take full responsibility for the accuracy and origi- 857

nality of the manuscript’s content. 858
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