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Abstract001

Unlike traditional autoregressive models which002
rely on causal reasoning to derive answers,003
Masked Diffusion Language Models (MDLMs)004
refine all sequence positions simultaneously,005
raising questions about the necessity of ex-006
plicit reasoning steps in non-causal architec-007
tures. In this work, we investigate the dynamics008
of MDLM reasoning on fact verification. We009
observe that MDLMs typically converge on a010
verdict early in the generation process, treat-011
ing it as a global anchor. Crucially, we find012
that enforcing a reasoning-first constraint via013
delayed verdict unmasking actively degrades014
performance due to refinement drift, where lo-015
cal noise overrides initially accurate judgments.016
Interventional experiments further reveal that017
MDLMs prioritize global sequence consistency018
over factual integrity, often hallucinating justi-019
fications to rationalize incorrect verdicts. Our020
findings suggest that for diffusion-based archi-021
tectures, prolonged deliberation can be counter-022
productive, as it risks diluting accurate global023
priors with generated noise.024

1 Introduction025

Traditional autoregressive large language mod-026

els are built on the next-token prediction objec-027

tive (Vaswani et al., 2017), which necessitates028

a causal, sequential approach to reasoning. In029

this framework, Chain-of-Thought prompting (Wei030

et al., 2022) is often viewed as a causal prerequi-031

site, where intermediate reasoning steps provide the032

necessary context for a final verdict (Lanham et al.,033

2023; Turpin et al., 2023). Conversely, Masked Dif-034

fusion Language Model (MDLMs) (Sahoo et al.,035

2024) , such as LLaDA (Nie et al., 2025), model the036

conditional distribution of all sequence positions037

simultaneously. While MDLMs provide signifi-038

cant flexibility in decoding order, recent evalua-039

tions (Horvitz et al., 2025) on math and coding040

benchmarks suggest that any-order decoding algo-041

rithms often underperform or perform similarly to042

standard left-to-right sampling. This observation 043

raises questions about how to effectively utilize the 044

bidirectional capabilities of MDLMs for complex 045

reasoning tasks. 046

In this paper, we investigate the impact of it- 047

erative refinement on the performance and con- 048

sistency of MDLM reasoning traces. We evalu- 049

ate LLaDA-8B (Nie et al., 2025) on the AVeriTeC 050

dataset (Schlichtkrull et al., 2023), a standard for 051

real-world fact verification focusing on diverse 052

claims that are less likely to be represented in pre- 053

training data than Wikipedia-based sources. We 054

begin by investigating a fundamental difference 055

between causal and non-causal architectures: the 056

sensitivity to output ordering. In autoregressive 057

models, generating the justification before the ver- 058

dict is critical, as it allows the model to condi- 059

tion its final prediction on the generated reasoning 060

traces. Reversing this order often forces the model 061

to commit to a verdict prematurely, degrading per- 062

formance (Pelrine et al., 2023). We investigate 063

whether MDLMs, with their bidirectional atten- 064

tion, are susceptible to this same limitation. Our 065

results show that LLaDA-8B is remarkably robust: 066

it achieves high accuracy regardless of whether the 067

justification precedes or follows the verdict, signifi- 068

cantly outperforming the standard LLaMA 3.1 (8B) 069

(Llama, 2024) baseline and matching the perfor- 070

mance of Qwen3-8B (Yang et al., 2025). Crucially, 071

however, our analysis of the output ordering reveals 072

that even when explicitly prompted to generate jus- 073

tifications first, LLaDA consistently predicts the 074

verdict within the first few diffusion steps. 075

This observation raises a critical question: does 076

the subsequent refinement process improve the de- 077

cision, or merely rationalize it? To investigate the 078

relationship between deliberation length and ac- 079

curacy, we constrain the decoding process from 080

predicting a verdict until 75% of the reasoning 081

block was complete. We observe an interesting 082

phenomenon: this forced deliberation causes sig- 083
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nificant accuracy decay, dropping from 90.5% to084

80.7%. By monitoring the evolution of the verdict085

token, we find that the model often identifies the086

correct verdict early in the diffusion process, but087

subsequently flips to an incorrect prediction as it088

fills in the justification template. In these instances,089

the accumulation of lower-information tokens ap-090

pears to introduce local noise, causing the model091

to override its initial, accurate global assessment in092

favor of consistency with a flawed reasoning trace.093

To further probe this behavior, we employ a two-094

way interventional test utilizing the MDLM’s abil-095

ity to sample from the posterior of reasoning traces096

given a verdict. First, we force the model to jus-097

tify “incorrect” verdicts. We find that the model098

maintains “logical integrity” in 44% of cases—099

generating a justification that still points to the cor-100

rect truth despite the forced label—while rational-101

izing the incorrect verdict through hallucinations102

or logic errors in the remainder. Second, we test103

the model’s reliance on its own generated traces by104

forcing it to predict the verdict from the corrupted105

justification traces. In these scenarios, LLaDA-106

8B’s accuracy drops to 57.3%, significantly lower107

than its performance when infilling from high-108

quality ground-truth justifications (97.1%). These109

findings suggest that in diffusion-based reasoning,110

justifications often serve as post-hoc refinements to111

satisfy global sequence consistency rather than as112

a reliable causal foundation for the final verdict.113

2 Methodology114

2.1 Task and Dataset115

The basis of this work is to explore the utility of116

MDLMs for fact verification and producing faith-117

ful justifications. For this reason, we evaluate our118

hypotheses on the AVeriTeC dataset (Schlichtkrull119

et al., 2023). AVeriTeC is a benchmark dataset120

of factual claims and their verdicts, along with121

evidence to support the verdict (in the form of122

question-answer pairs) and human-annotated justi-123

fications based on the evidence. Unlike Wikipedia-124

centric datasets (e.g., FEVER), AVeriTeC utilizes125

diverse claims sourced from the web, requiring126

models to synthesize complex, often conflicting ev-127

idence. In this analysis, we focus on the core task128

of fact verification: given a claim and its evidence,129

the model must provide a verdict (i.e., Supported130

or Refuted) and justification. This task is particu-131

larly suitable for MDLM analysis as it allows us132

to observe the tension between the model’s global133

commitment to a verdict and the justification’s lo- 134

cal adherence to specific facts. 135

2.2 Model Selection 136

Our study centers on LLaDA-8B, the first MDLM 137

scaled to a level comparable to modern pretrained 138

autoregressive LLMs. Unlike autoregressive LLMs 139

that utilize causal masking to predict the next token, 140

LLaDA utilizes a non-causal architecture where ev- 141

ery token in the sequence can attend to every other 142

token. During the decoding process, the model 143

starts from a sequence of entirely masked tokens 144

and iteratively unmasks them by sampling from the 145

conditional distribution P (xi|xunmasked). This bidi- 146

rectional attention mechanism allows the model to 147

refine the global context of the sequence (such as 148

the final verdict) concurrently with the local details 149

of the justification, treating the entire reasoning 150

trace as a joint distribution. In our application of 151

LLaDA, we unmask a single token at a time as 152

recommended for best performance by previous 153

studies (Horvitz et al., 2025; Nie et al., 2025). 154

2.3 Reasoning-as-Infilling Framework 155

Horvitz et al. (2025) coined the term “reasoning- 156

as-infilling”, referring to the capability of MDLMs 157

to fill in the masked values of a template, as they 158

are not constrained to causal (left-to-right) gener- 159

ation. We adopt their terminology for our work; 160

however, the implementation of our work differs 161

slightly from theirs. While their approach pro- 162

poses separating the reasoning tokens from an- 163

swer tokens via an answer delimiter, we template 164

the output in JSON format: {“justification”: 165

“[MASK]1...L”, “verdict”: “[MASK]”} , where 166

L is the specified justification length. 167

This formulation enables us to treat the verdict as 168

a specific block within the sequence, allowing for 169

exact sampling from the model’s posterior over jus- 170

tifications conditioned on a specific answer. This 171

approach also allows us to easily parse the outputs 172

in a structured format, ideal for our use-case where 173

we need to extract both the justifications and the 174

verdicts. In theory, this can generalize to any num- 175

ber of key-value pairs in JSON format. We utilize 176

a fixed reasoning budget of 48 tokens to maintain a 177

consistent refinement window. We chose this em- 178

pirically as making the justifications longer would 179

very often result in the model leaking its verdict in 180

the justification, e.g., by saying “this claim is false 181

because ...”, rather than providing a synthesis of 182

the facts and approaching a final verdict. 183
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Model Output Order Acc (%)

LLaMA 3.1 (8B) V −→ J 69.7
Qwen3-8B V −→ J 89.5
LLaDA-8B V −→ J 88.6

LLaMA 3.1 (8B) J −→ V 72.5
Qwen3-8B J −→ V 88.0
LLaDA-8B J −→ V 90.5

Table 1: Performance of baseline models on AVeriTeC
development set. Order indicates the order the justifica-
tion (J) and verdict (V ) are generated in.

3 Experiments184

We evaluate our experiments on the AVeriTeC de-185

velopment set, focusing on binary classification186

(Supported vs. Refuted). Due to tokenization con-187

straints where the label “Refuted” spans multiple188

tokens in LLaDA’s vocabulary, we map the target la-189

bels to the single-token proxies “True” (Supported)190

and “False” (Refuted) to facilitate single-mask in-191

filling. In all experiments, evidence is provided as192

question-answer pairs in the prompt.193

3.1 Baseline Models194

Our core experiments are done using LLaDa-8B195

(GSAI-ML/LLaDA-8B-Instruct). Since previous196

work (Nie et al., 2025) demonstrates that LLaDA-197

8B achieves performance parity with LLaMA198

3 (8B), we select the updated LLaMA 3.1 8B199

(meta-llama/Llama-3.1-8B-Instruct) as our200

standard autoregressive baseline. To contrast201

the causal reasoning of traditional autoregressive202

LLMs with the non-causal refinement of MDLMs,203

we use Qwen3-8B (Qwen/Qwen3-8B) with reason-204

ing enabled as our reasoning baseline.205

3.2 Justification Ordering206

It is well-established that generating reasoning207

traces prior to answers (e.g., Chain-of-Thought)208

benefits autoregressive LLM performance. While209

previous work (Pelrine et al., 2023) has extended210

these findings to fact verification, the implications211

for MDLMs remain under-explored. In this exper-212

iment, we question whether this explicit ordering213

provides similar value for MDLMs. To do this, we214

prompt each LLM to predict the verdict (V ) and215

justification (J) in a particular order. The results of216

this experiment are shown in Table 1.217

The best performance came from LLaDA-8B218

predicting the justification first, and in general we219

Model Acc (%)

LLaDA-8B 90.5
LLaDA-8B w/ 75% justification 80.7

Table 2: Performance comparison of LLaDA being con-
strained to fill 75% of the justification before predicting
a verdict.

found that predicting justifications first resulted in 220

better performance, except with Qwen3. We sus- 221

pect this is due to Qwen3’s ability to determine the 222

verdict before answering due to its pre-reasoning 223

mechanism, which also explains the smaller per- 224

formance difference between J −→ V and V −→ J 225

compared to the other two models. 226

Interestingly, we found that despite the LLM 227

prompts explicitly saying to predict the verdict first 228

or justification first, LLaDA would always predict 229

the verdict in the first few diffusion steps before 230

subsequently filling out the justification. This sug- 231

gests that the verdict is sufficiently clear to the 232

model even before it begins to write the justifica- 233

tion, or at least the model is more confident in its 234

prediction of the verdict than any token within the 235

justification. 236

3.3 Delayed Verdict Unmasking 237

To investigate the relationship between delibera- 238

tion length (number of steps before predicting a 239

verdict) and accuracy, we implemented a delayed 240

unmasking mechanism. In this setup, we constrain 241

the model so that the verdict token cannot be un- 242

masked until at least 75% of the justification (36 243

of 48 tokens) has been resolved. The results of this 244

experiment are shown in Table 2. 245

This intervention revealed a notable performance 246

trade-off. Forcing the model to wait for a majority 247

of the justification to be unmasked led to a drop 248

in accuracy from 90.5% to 80.7%. Our analysis 249

of “Right → Wrong” flips indicates that the model 250

frequently arrives at the correct verdict early in the 251

unmasking process, but subsequently changes its 252

prediction when forced to continue constructing the 253

justification. These findings indicate that when the 254

unmasking schedule is artificially constrained, ex- 255

tended refinement can become counter-productive. 256

In our delayed-verdict setting, the accumulation 257

of lower-information tokens appears to introduce 258

refinement drift, where local inconsistencies gener- 259

ated during the justification process conflict with 260

and ultimately override the model’s initially correct 261
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global assessment.262

3.4 Interventional Faithfulness Analysis263

To probe the causal link between justification and264

verdict, we performed two experiments.265

Post-hoc Justification (Integrity Test). First, to266

test whether LLaDA will justify the verdict post-267

hoc, we hard-code an incorrect verdict in the output268

and infill the justification. We then used an LLM-269

based judge to categorize the reasoning traces (de-270

tails in Appendix A.2). We found that in about271

44% of cases, the model exhibited logical integrity,272

where the generated justification remained faithful273

to the evidence and contradicted the forced incor-274

rect verdict. In the remaining cases, the model275

bent its logic to satisfy global consistency, either276

through logical errors (37%) or factual hallucina-277

tions (13%).278

Logical Reliance (Reliance Test). Second, to279

test whether LLaDA truly relies on its own justifi-280

cations, we hard-code the justifications using the281

corrupted justifications from the Integrity Test ex-282

periment. The model is then forced to infill the283

verdict. To prevent any verdict leakage, we masked284

any justification tokens for words or phrases like285

true, false, supported, unsupported, etc. A full286

list can be found in Appendix A.3. When given287

the corrupted justifications, accuracy dropped to288

57.3% largely due to the model failing to predict289

supported claims correctly (17.2% accuracy) com-290

pared to refuted claims where performance was291

decent (73.4% accuracy). In contrast, when the292

model was provided with high-quality ground-truth293

justifications from the AVeriTeC dataset, accuracy294

reached 97.1%.295

This disparity highlights that the model’s final296

verdict is strongly causally dependent on the qual-297

ity of the reasoning trace. When the reasoning is298

sound (i.e., with ground-truth justifications), the299

model draws the correct conclusion; when the300

reasoning is flawed (i.e., with corrupted justifica-301

tions), the model is misled. This suggests that the302

“Right → Wrong” flips observed in the delayed un-303

masking experiment are not due to a disconnect304

between reasoning and answer, but rather the op-305

posite: the model effectively “confuses itself” by306

generating noisy justification tokens that exert a307

negative causal influence, overriding its initially308

correct global assessment.309

4 Conclusion 310

In this work, we investigated the utility of Masked 311

Diffusion Language Models (MDLMs) for fact ver- 312

ification, with particular attention to the interplay 313

between verdict prediction and justification genera- 314

tion. Our findings reveal a nuanced picture of how 315

MDLMs handle fact verification. While LLaDA- 316

8B achieves competitive performance when al- 317

lowed to unmask freely, the model consistently pri- 318

oritizes verdict prediction in early diffusion steps— 319

even when explicitly instructed to generate justifi- 320

cations first. This behavior suggests that MDLMs 321

develop strong global commitments early in the 322

generation process, treating the verdict as a high- 323

confidence anchor around which local details are 324

subsequently refined. 325

The delayed verdict unmasking experiment iden- 326

tifies a critical vulnerability in this reasoning 327

paradigm. When forced to commit to extensive 328

justifications before settling on a verdict, model 329

performance degrades substantially (to 80.7% ac- 330

curacy), with many initially correct predictions flip- 331

ping to incorrect ones. This degradation is not 332

due to a disconnect between reasoning and an- 333

swer, but rather the opposite: our interventional 334

faithfulness analyses demonstrate that LLaDA’s 335

verdicts are strongly causally dependent on the 336

quality of its justifications. When forced to jus- 337

tify incorrect verdicts, LLaDA often sacrifices fac- 338

tual accuracy in the justifications to ensure global 339

consistency, maintaining logical integrity in only 340

44% of claims. Subsequently, when provided with 341

these corrupted justifications, the model’s accuracy 342

plummets to 57.3% while ground-truth justifica- 343

tions achieve 97.1%. These results demonstrate 344

that MDLMs’ create causal dependencies between 345

reasoning traces and answers. 346

Ultimately, these observations suggest that for 347

diffusion-based architectures, maximizing infer- 348

ence compute via extended reasoning steps does 349

not strictly correlate with better outcomes. Instead, 350

there appears to be a point of “enough thinking”— 351

where the global assessment is established but has 352

not yet been degraded by local refinement noise. 353

Future work should focus on dynamic inference 354

strategies, such as early-exit mechanisms (Horvitz 355

et al., 2025), to leverage this early global conver- 356

gence while mitigating the risks of refinement drift. 357
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Limitations358

First, we acknowledge the scope of the reason-359

ing task employed. While AVeriTeC involves360

real-world claims that are more complex than361

Wikipedia-based benchmarks like FEVER, the in-362

clusion of gold-standard evidence in the prompt re-363

duces the complexity. It remains an open question364

whether the phenomenon of refinement drift per-365

sists in domains requiring strict, multi-step deduc-366

tion, such as advanced mathematics (e.g., AIME).367

In those settings, intermediate steps are strict log-368

ical prerequisites for the solution, whereas in fact369

verification, the justification often serves as a lin-370

guistic rationalization of an intuitive verdict.371

Second, our analysis is constrained by the cur-372

rent availability of high-performing MDLMs, limit-373

ing our experiments to the LLaDA-8B architecture.374

It is possible that the susceptibility to local noise375

and refinement drift is a function of model scale;376

larger models with deeper capacity for global atten-377

tion might maintain coherence over longer reason-378

ing traces without succumbing to the self-confusion379

observed here. Furthermore, these phenomena may380

also be a result of the pretraining data or optimiza-381

tion algorithm of LLaDA.382

Finally, our analysis is only applied to masked383

diffusion language models, namely LLaDA. While384

the decoding process is similar, it’s unclear whether385

these findings can be applied to other discrete dif-386

fusion models like SEDD (Lou et al., 2024) or387

continuous diffusion models (Li et al., 2022).388
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A Appendix462

A.1 Reproducibility463

All of our experimental results are based on a sin-464

gle run. We found no variation in outputs across465

runs with LLaDA, so we only used a single run466

for our experiments. For LLaMA 3.1 and Qwen3,467

we also used a single run as their performance is468

not a significant factor of this work. We used the469

default generation parameters for both LLaMA 3.1470

and Qwen3. Github Copilot was used as an auto-471

complete tool in some of the code for this work.472

A.2 Reasoning Trace Categories473

After a manual review of about 50 justifications474

of incorrect verdicts, we landed on four main cate-475

gories as shown below:476

• Logical error: The justification contains rea-477

soning errors that lead to an incorrect conclu-478

sion.479

• Cherrypicking details: The justification se-480

lectively uses evidence that supports the in-481

correct verdict while ignoring evidence that482

contradicts it.483

• Verdict-justification mismatch: The justifica-484

tion does not logically support the given ver-485

dict (i.e., the justification suggests a different486

verdict).487

• Factual hallucination to support wrong verdict:488

The justification includes evidence which is489

not explicitly given that are used to support490

the incorrect verdict.491

• Other (describe in a few words): The justifica-492

tion contains an error that does not fit into the493

above categories.494

A.3 Masked Justification Tokens495

The full list of words and phrases masked during496

the logical reliance experiment are as follows: true,497

false, True, False, TRUE, FALSE, no evidence, un-498

supported, refuted, supported, support, refute, in-499

consistent, consistent, accurately, inaccurately, in-500

correctly, correctly, impossible to verify, impossi-501

ble to determine.502
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