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Abstract001

Autoregressive large language models achieve002
strong results on many benchmarks, but decod-003
ing remains fundamentally latency-limited by004
sequential dependence on previously generated005
tokens. Diffusion language models (DLMs)006
promise parallel generation but suffer from a007
fundamental static-to-dynamic misalignment:008
Training optimizes local transitions under fixed009
schedules, whereas efficient inference requires010
adaptive “long-jump” refinements through un-011
seen states. Our goal is to enable highly paral-012
lel decoding for DLMs with low number of func-013
tion evaluations while preserving generation014
quality. To achieve this, we propose CD4LM,015
a framework that decouples training from in-016
ference via Discrete-Space Consistency Dis-017
tillation (DSCD) and Confidence-Adaptive018
Decoding (CAD). DSCD trains a student to019
be trajectory-invariant, mapping diverse noisy020
states directly to the clean distribution. This021
intrinsic robustness enables CAD to dynami-022
cally allocate compute resources based on to-023
ken confidence, aggressively skipping steps024
without the quality collapse typical of heuristic025
acceleration. On GSM8K, CD4LM matches026
the LLaDA baseline with a 5.18× wall-clock027
speedup; across code and math benchmarks,028
it pushes the accuracy-efficiency Pareto fron-029
tier, achieving a 3.62× mean speedup while030
improving average accuracy.031

1 Introduction032

Inference latency is a primary deployment bottle-033

neck for large language models. Autoregressive034

large language models (AR-LLMs) achieve strong035

performance on language, code, and mathemati-036

cal reasoning benchmarks (Achiam et al., 2023;037

Grattafiori et al., 2024; Hendrycks et al., 2021;038

Austin et al., 2021b; Chen, 2021), but its sequential039

decoding limits parallelism.040

Diffusion language models (DLMs) offer a dif-041

ferent generation paradigm (Austin et al., 2021a;042

Li et al., 2022; Gong et al., 2022). They gener- 043

ate text through iterative denoising in the token 044

space: Starting from a partially masked sequence, 045

the model refines many positions in parallel at each 046

denoising step. This enables bidirectional context 047

and amortizes computation across the sequence, 048

making DLMs particularly appealing for structured 049

generation, such as code and mathematical solu- 050

tions. 051

Despite the above promise, existing DLMs face 052

two critical limitations when deployed under prac- 053

tical budget-limited decoding constraints, i.e., low 054

number of function evaluations (NFE). First, there 055

is a structural static-to-dynamic misalignment be- 056

tween training and inference. Standard training 057

rigidly optimizes local denoising transitions (e.g., 058

t → t − ∆t) under fixed schedules, effectively 059

learning a static vector field. However, low-NFE 060

inference needs the model to perform agile “long- 061

jump” refinements (e.g., t → t − k∆t) through 062

unseen regions of the state space. This forces the 063

model to traverse intermediate masked states that 064

are mathematically disjoint from the training dis- 065

tribution, limiting its ability to exploit adaptive 066

acceleration without collapsing. Second, current 067

methods suffer from rigidity in compute allocation. 068

Most DLM decoders rely on predetermined un- 069

masking schedules that treat all instances as equally 070

difficult. While block-wise decoding acts as a struc- 071

tural regularizer to prevent collapse, it remains 072

computationally wasteful for easy instances and 073

insufficient for hard ones. Consequently, previous 074

works fail to simultaneously achieve stability and 075

efficiency. 076

These limitations motivate a core challenge: 077

How can we decouple the training objective from 078

fixed schedules to enable stable, adaptive computa- 079

tion allocation? We answer this with CD4LM, a 080

unified framework that bridges the gap between ro- 081

bust training and flexible inference by synergizing 082

Discrete-Space Consistency Distillation (DSCD) 083
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with Confidence-Adaptive Decoding (CAD). Our084

contributions are as follows.085

1. Identification of the training-inference mis-086

alignment as a limiting factor for efficiency.087

We identify a critical oversight in previous088

works: While adaptive decoding policies can089

reduce latency, their potential is strictly bot-090

tlenecked by standard training objectives. We091

show that relying on inference-time heuristics092

to bridge this gap introduces unnecessary con-093

trol overhead. We verify that maximizing gen-094

eration speed requires a synergistic approach:095

Efficiency is not only a decoding search prob-096

lem but a training alignment problem. By de-097

coupling the model from fixed trajectories, we098

unlock superlinear speedups that are unattain-099

able by adaptive decoding strategies alone.100

2. A unified framework for robust and effi-101

cient diffusion. On the training side, in-102

stead of overfitting to a single fixed trajec-103

tory, DSCD leverages a Rao-Blackwellized104

objective to train a student model that matches105

the teacher’s conditional posterior across a di-106

verse range of masking patterns. This trans-107

forms the model from a fixed-schedule de-108

noiser into a robust refinement operator, math-109

ematically capable of handling the irregular110

states produced by aggressive decoding poli-111

cies. On the inference side, unlike heuris-112

tic step-skipping, CAD dynamically commits113

high-confidence tokens while deferring uncer-114

tain ones. This policy is fundamentally ro-115

bust: It not only enhances efficiency within116

block-based schemes but also stabilizes pure117

diffusion (full-sequence) generation, prevent-118

ing the quality collapse typical of standard119

adaptive baselines.120

3. Systematic Pareto-frontier improvements.121

Across math and code benchmarks, CD4LM122

achieves substantial speedups without sacrific-123

ing quality. On GSM8K, it matches the fixed-124

step baseline (77.6% vs. 77.4%) with a 5.18×125

wall-clock acceleration; on HumanEval and126

MATH500, it improves accuracy while de-127

livering 3.62× speedup, strictly dominating128

standard diffusion baselines.129

2 Related Work130

Autoregressive and Diffusion Language Mod-131

els. Autoregressive (AR) models dominate many132

generation benchmarks, but their decoding latency 133

is inherently constrained by sequential token de- 134

pendence (Achiam et al., 2023; Grattafiori et al., 135

2024). DLMs provide a parallel alternative (Nie 136

et al., 2025), yet most existing approaches tie effi- 137

cient inference to the specific noise schedules seen 138

during training, making adaptive long-jump refine- 139

ment less reliable. In contrast, we decouple the 140

inference trajectory from the training schedule to 141

enable budget-aware acceleration under dynamic 142

decoding policies. 143

Training Objectives and Distillation. Prior 144

work on discrete diffusion commonly optimizes 145

variational objectives or adopts curricula to better 146

match training and inference (Sahoo et al., 2024; 147

Asada and Miwa, 2025). Consistency-style training 148

can accelerate generation (Song et al., 2023; Chen 149

et al., 2025), but often assumes particular teacher 150

trajectories or continuous relaxations, and can be 151

brittle to off-schedule discrete states induced by 152

adaptive decoding. Our DSCD addresses this by 153

training a student to be trajectory-invariant directly 154

in token space. 155

Adaptive Inference and Parallel Decoding. To 156

reduce NFE, recent methods use heuristics to dy- 157

namically adjust step counts (Israel et al., 2025; Wu 158

et al., 2025). However, such training-free strategies 159

may introduce nontrivial runtime overhead (e.g., to- 160

ken selection/sorting), which can limit wall-clock 161

gains. By aligning inference with our training ob- 162

jective, CAD skips steps using intrinsic confidence 163

signals without complex selection logic. 164

Diffusion for Structured Reasoning. DLMs 165

have shown promise on structured tasks such as 166

code and mathematics (Gong et al., 2025; Labs 167

et al., 2025). Many approaches rely on specialized 168

architectures or task-specific training pipelines, 169

which can be resource-intensive. Our framework 170

instead improves the efficiency of general-purpose 171

pretrained backbones (e.g., LLaDA (Nie et al., 172

2025)) without architectural changes. 173

For completeness, we provide an extended dis- 174

cussion and additional citations in Appendix A. 175

3 Method 176

CD4LM is designed to resolve the structural mis- 177

alignment between fixed diffusion training sched- 178

ules and the need for flexible, budget-aware in- 179

ference. To bridge this gap, we propose a frame- 180

work built upon an absorbing-state discrete diffu- 181
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sion backbone (formal definitions and full notation182

provided in Appendix B). Our approach consists of183

two core components: A DSCD scheme (Sect. 3.1)184

that trains a student to be approximately trajectory-185

invariant along the teacher’s masking process, and186

a CAD policy (Sect. 3.2) that dynamically allocates187

NFE across tokens and instances. Taken together,188

these modules decouple the trained model from189

any fixed diffusion schedule and enable flexible190

low-NFE decoding.191

3.1 Discrete-Space Consistency Distillation192

Given a training example consisting of a prompt x193

and a target response y (concatenated as z = [x; y]),194

our goal is to train a student model pθ to predict the195

clean z from a corrupted state z̃ in a few steps, with-196

out being tied to any particular diffusion schedule.197

Unlike the teacher pϕ which follows a fixed de-198

noising schedule, we train pθ to be approximately199

trajectory-invariant along the absorbing diffusion200

process of the teacher.201

Ideal trajectory invariance. For a clean se-202

quence z and its absorbing diffusion trajectory203

{z̃t}t∈[0,1], generated by the absorbing mask-204

ing process (defined in Appendix B), an ideal205

consistency-style student would satisfy206

pθ(z | z̃t) ≈ pθ(z | z̃t′) ≈ pϕ(z | z̃t, t)
for all t, t′ ∈ [0, 1].

(1)207

Unlike the teacher pϕ, which conditions on explicit208

time t, the student pθ learns to infer the effective209

noise level directly from the masked input z̃, en-210

abling time-agnostic inference. This requirement211

is too strong to enforce directly: It couples all time212

points on the trajectory and requires matching full213

sequence distributions. In practice, DSCD imple-214

ments a weaker but tractable surrogate that enforces215

pairwise consistency between stochastic views of216

the same z and anchors them to the data distribu-217

tion.218

Paired teacher-subset masking. For each train-219

ing example, we first sample a student mask ratio220

rS ∼ U(rmin
S , rmax

S ) and then set a lighter teacher221

ratio rT = rS · u, where u ∼ U(umin, umax) with222

umax < 1 (thus rT < rS). We convert each ra-223

tio to its diffusion timestep using the same noise224

schedule, yielding tS and tT . Let nS = ⌊LyrS⌋225

and nT = ⌊LyrT ⌋. We form the student masked226

setMS by uniformly sampling (without replace-227

ment) nS target positions from {Lx + 1, . . . , L}.228

To construct the teacher mask, we then uniformly 229

sample a subset MT ⊆ MS of size nT . This 230

nested masking makes the teacher informationally 231

richer (it conditions on a strict superset of the stu- 232

dent’s visible context); hence, the consistency loss 233

is evaluated onMS . The overall training pipeline 234

is depicted in Fig. 1. 235

At a high level, DSCD then combines a re- 236

construction loss and a Kullback-Leibler (KL) 237

divergence-based consistency loss computed on 238

MS to (i) anchor the student to the data distribu- 239

tion at its own masked positions and (ii) align the 240

student with the teacher’s softer predictions under 241

the same corruption pattern, yielding a practical 242

relaxation of the trajectory-invariance property in 243

(1). This constraint ensures the teacher always con- 244

ditions on a superset of the student’s information, 245

providing a lower-variance distillation target (theo- 246

retical proof provided in Appendix D). 247

Training Objective. We minimize a joint objec- 248

tive Ltotal = λ(g)Lcons + (1− λ(g))Lrecon, where 249

λ(g) follows a cosine curriculum to transition from 250

distillation to refinement. Lrecon anchors the stu- 251

dent to the ground truth, while Lcons aligns the 252

student with the temperature-scaled teacher distri- 253

bution p̃ϕ(·|z̃T )i ∝ exp(l
(i)
ϕ /τ) using standard τ2 254

scaling: 255

Lrecon(θ) = E(x,y)∼DErS ,MS[
1

|MS |
∑

i∈MS

− log pθ(zi | z̃S)
]
.

(2) 256

Lcons(θ) = τ2 · E(x,y)∼DErS ,rT ,MS ,MT[
1

|MS |
∑

i∈MS

KL
(
p̃ϕ(· | z̃T )i

∥∥pθ(· | z̃S)i)].
(3) 257

This formulation ensures the student learns 258

trajectory-invariant refinement (via Lcons) while 259

retaining generation quality (via Lrecon); see Ap- 260

pendix C for theoretical analysis. For a complete 261

algorithmic description of the training procedure, 262

including the details of mask sampling and the 263

curriculum schedule, readers can refer to the pseu- 264

docode provided in Appendix F.1. 265

3.2 Confidence-Adaptive Decoding 266

After distillation, we discard the teacher and decode 267

using the student model only. Our CAD is a generic 268

unmasking policy. In this work, we instantiate 269
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Prompt 𝑥 Answer 𝑦

<m>Prompt 𝑥 <m> <m><m> <l> <m> <m> <l> <l> <m> <m> <l> <m> <l> <m>

<l>Prompt 𝑥 <m> <m><m> <l> <l> <l> <l> <l> <l> <m> <l> <m> <l> <l>

Ground Truth

1. Input & Masking Process

Student View
(Mask ratio , heavy masking)

Teacher View

(Mask ratio ,

light masking)

Sample Student Mask

Teacher-Subset Unmask

Student Model Teacher Model

Student Distribution

2. Model Forward Passes

3. Loss Calculation

& Optimization

Target Distribution

Reconstruction Loss Consistency LossCurriculum Mixing

Backprop

Forward Pass Forward Pass

Figure 1: Overview of the DSCD pipeline. (1) Input & Masking: We employ a teacher-subset masking strategy
where the teacher’s maskMT is strictly sampled from the student’s maskMS (MT ⊆ MS). This ensures the
teacher always conditions on a superset of the student’s context, acting as a lower-variance guide. (2) Forward &
Optimization: The student pθ predicts tokens from the heavily masked view, optimized jointly by a reconstruction
loss Lrecon (anchoring to ground truth) and a consistency loss Lcons (aligning with the frozen teacher’s soft targets).
(3) Curriculum: A dynamic schedule λ(g) governs the transition from pure distillation to supervised refinement.

it within the LLaDA block diffusion framework;270

pure diffusion is recovered as a special case by271

setting b = Lgen. (See Appendix F.2 for a visual272

illustration of these paradigms.)273

Block diffusion schedule. Unlike autoregressive274

models that generate variable-length sequences by275

dynamically appending tokens, diffusion-based de-276

coding operates on a pre-allocated, fixed-size can-277

vas. We set a maximum target horizon Lgen (e.g.,278

matching the training sequence length or a system279

budget) and pad the initial state with masks. The ac-280

tual sequence length is determined dynamically dur-281

ing decoding via the end-of-sequence (EOS) block-282

ing mechanism. Given Lgen and block size b, we283

partition positions into contiguous blocks {Bj}Jj=1,284

where Bj = {(j−1)b+1, . . . ,min(jb, Lgen)} and285

J = ⌈Lgen/b⌉. Decoding proceeds left-to-right286

with an active block index j. Tokens from finished287

blocks are cached (frozen), while future blocks re-288

main masked until activated. Note that while our289

primary experiments use full-attention recomputa-290

tion to isolate the algorithmic gains of DSCD, this291

block-wise formulation is structurally compatible292

with approximate KV caching schemes (Wu et al.,293

2025).294

State, masked set, and eligible set. Let z̃(s) ∈ 295

VLgen denote the partially-masked state at decoding 296

step s and letM(s) = {i ∈ [Lgen] : z̃
(s)
i = m} be 297

the masked set. CAD operates on the eligible set 298

within the active block: 299

E(s) =M(s) ∩ Bj , (4) 300

which reduces to E(s) =M(s) when b = Ly (pure 301

diffusion). 302

Confidence-adaptive set selection. We treat the 303

decoding process as a dynamic risk-efficiency 304

trade-off; the full decision cycle is illustrated in 305

Fig. 2. Starting from a partially masked state (Step 306

1), the student model predicts distributions for all 307

masked positions in a single forward pass (Step 308

2). We then compute a confidence score c
(s)
i for 309

each eligible position i ∈ E(s) (Step 3), using the 310

maximum probability c
(s)
i = maxv pθ(v | z̃(s))i 311

as a proxy for correctness. Based on these scores, 312

we identify a candidate set Ŝ(s) = {i ∈ E(s) : 313

c
(s)
i ≥ γconf} containing tokens where the model’s 314

certainty outweighs the risk of error (Step 4). To 315

stabilize the dynamic trajectory, we clamp the com- 316

mit size via 317

k(s) = clip
(
|Ŝ(s)|, kmin, kmax

)
,

S(s) = TopK
(
{c(s)i }i∈E(s) , k(s)

)
,

(5) 318
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<m>Prompt 𝑥 <m> <m><m> <m> <m> <m> <m> <m> <m><m> <m> <m> <m> <m>

aPrompt 𝑥 d hb e f j k m oc g i l n

0.745 0.438 0.8580.031 0.821 0.986 0.474 0.990 0.691 0.8430.963 0.629 0.546 0.346 0.725

aPrompt 𝑥 d hb e f j k m oc g i l n

Prompt 𝑥 f kc<m> <m> <m><m> <m> <m> <m> <m><m> <m> <m> <m>

Prompt 𝑥

1. Initialization (masked sequence)

Committed token Newly decoded token Mask token Candidate token

2. Model Prediction (one forward pass to get all token distributions )

3. Confidence Extraction (max probability each position)

4. High-Confidence Selection

5. Unmask Accepted Tokens & keep the others masked

Token probability distributions

Figure 2: Illustration of CAD. In each step, the model predicts token distributions for all masked positions in
parallel. We compute the confidence score c

(s)
i based on the maximum probability and selectively unmask tokens

that satisfy the threshold c
(s)
i ≥ γconf. Low-confidence tokens remain masked for subsequent iterations.

and finally unmask the predictions in S(s) while319

keeping lower-confidence tokens masked for fu-320

ture refinement (Step 5). This greedy policy ap-321

proximates the optimal stopping rule for per-step322

decoding risk (see derivation in Appendix E).323

To prevent degenerate short outputs, we also ap-324

ply an EOS blocking mechanism (implementation325

details in Appendix E.4). Our controller introduces326

negligible overhead compared to the model forward327

pass (complexity analysis in Appendix E.6). For328

the complete pseudocode of the CAD algorithm,329

which details the interaction between block-wise330

diffusion and the dynamic acceptance policy, read-331

ers can refer to Appendix F.2.332

4 Experimental Setup333

We discuss the experimental setup next.334

4.1 Models and Training335

Teacher and student. We use LLaDA-8B-336

Instruct (Nie et al., 2025) as the teacher. The337

student is initialized from the teacher’s pretrained338

weights. All experiments use BF16 precision and a339

maximum context length of 1024.340

Training data. We train our student model on a341

200K-sample subset of OpenCodeInstruct (Ah-342

mad et al., 2025), a comprehensive instruction-343

following code generation dataset. To ensure high-344

quality distillation, we filter for samples with valid 345

solutions and reserve 5% (10K samples) for valida- 346

tion. For mathematical reasoning experiments, we 347

use the GSM8K (Cobbe et al., 2021) training split 348

and use the same training protocol. 349

4.2 Benchmarks 350

Code generation. We evaluate the model in a 351

zero-shot setting on HumanEval (Chen, 2021) and 352

three-shot on MBPP (Austin et al., 2021b), and also 353

report results on the stricter variants: HumanEval+ 354

and MBPP+. We report functional correctness us- 355

ing pass@1 and pass@5. 356

Mathematical reasoning. We report accu- 357

racy on GSM8K (Cobbe et al., 2021) and 358

MATH500 (Hendrycks et al., 2021) in a zero-shot 359

setting. 360

Evaluation framework. All evaluations are im- 361

plemented based on the open-sourced DAEDAL’s 362

evaluation codebase (Li et al., 2025), which stan- 363

dardizes prompting, post-processing, and metric 364

computation for LLaDA-style DLMs. 365

4.3 Training Protocol 366

We use a global batch size of 64 on 8×AMD MI250 367

GPUs, AdamW with learning rate 5×10−6, cosine 368

decay, and 10% warmup, and train for three epochs. 369
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Detailed hyperparameters and prompt templates370

are provided in Appendix F.3.371

4.4 Inference Protocols372

Generation paradigms. We consider three gen-373

eration paradigms: (i) Sequential (b = 1), (ii)374

Block Diffusion (block size b = 32), and (iii) Pure375

Diffusion (b = Lgen).376

For mathematical reasoning benchmarks, we use377

block diffusion with b = 32, which is the best-378

performing configuration in our tuning process and379

is used throughout the main mathematical experi-380

ments. We use pure diffusion for code generation.381

Unless specified otherwise, we use a maximum382

generation length of Lgen = 256.383

Sampling for pass@k. We compute pass@1 us-384

ing greedy τsamp = 0 decoding and pass@5 us-385

ing sampling with temperature τsamp = 1.0 (other386

decoding knobs follow the DAEDAL defaults for387

each benchmark).388

Speed measurement. We report wall-clock389

speedup under the same hardware and evaluation390

harness, measured relative to the corresponding391

LLaDA-8B-Instruct baseline configuration for each392

benchmark with a batch size of 1.393

5 Results and Analysis394

Next, we present our experimental results and their395

analysis.396

5.1 Main Results397

Across the full results in Tables 1, 2, and 3, our398

method improves the unweighted average score399

from 45.6 to 46.3 while reducing the mean NFE400

from 292.6 to 117.2, yielding a 3.62× end-to-401

end speedup. Quantitatively, the gains translate402

into large wall-clock accelerations with compa-403

rable quality: On GSM8K, we match the fixed-404

step block-diffusion baseline (77.6% vs. 77.4%)405

while achieving a 5.18× wall-clock speedup over406

the sequential baseline defined in Table 1; on Hu-407

manEval, we improve pass@1 by 2.2% with a408

3.30× speedup; and on MATH500, we improve409

accuracy by 1.3% with a 5.33× speedup.410

Consistent efficiency gains. Fig. 3 visualizes the411

accuracy-compute frontier across all four bench-412

marks. The curve of our CAD (γconf = 0.95) con-413

sistently dominates the LLaDA baseline (dashed414

gray), shifting the frontier upward and leftward.415

This indicates that our method already attains416

strong performance in low-NFE regimes whereas 417

the baseline remains compute-limited. This domi- 418

nance holds across diverse domains (code vs. math- 419

ematics) without tuning the decoding budget per 420

benchmark. This behavior is consistent with the 421

end-to-end speedups reported in Tables 1, 2, and 3, 422

where reducing NFE does not incur the accuracy 423

degradation typically observed with heuristic step 424

reduction. 425

We further verify the robustness of our approach 426

by sweeping the confidence threshold γconf ∈ 427

[0.85, 0.99], demonstrating strict Pareto dominance 428

over the baseline across the full accuracy-efficiency 429

frontier. Please refer to Appendix H.1 for the de- 430

tailed analysis and visualization. Furthermore, our 431

ablation study presented in Appendix G confirms 432

that the proposed DSCD objective is essential for 433

this efficiency, as replacing it with standard super- 434

vised fine-tuning (SFT) leads to accuracy collapse 435

under aggressive decoding steps. 436

5.2 Mechanism of Efficiency 437

To understand the source of these speedups, we 438

present an analysis of the per-sample compute dis- 439

tribution in Appendix H.2 (Fig. H.2). The results 440

reveal that standard diffusion schedules are system- 441

atically over-parameterized, whereas our method 442

successfully reclaims this redundancy by dynami- 443

cally adapting to intrinsic task complexity. 444

We also present an analysis of the distribution 445

of computational cost and its translation into wall- 446

clock latency. 447

Translating step reduction to wall-clock 448

speedup. A key finding in Table 1 is that our 449

end-to-end wall-clock speedup can exceed the 450

reduction implied by the NFE ratio (e.g., 3.36× 451

smaller NFE vs. 5.18× faster on GSM8K). Since 452

total latency T ≈ NFE · tstep, this implies that our 453

gains come from both fewer denoising steps and a 454

lower average per-step latency (tstep), making each 455

functional evaluation computationally cheaper. 456

This behavior contrasts sharply with training-free 457

baselines. For instance, Wu et al. (2025) report that 458

their parallel decoding strategy achieves a 3.25× 459

reduction in steps (tokens per step) but only yields 460

a 2.46× wall-clock speedup, exhibiting sublinear 461

scaling due to the overhead of inference-time 462

selection heuristics. In contrast, our DSCD 463

training aligns the model with the CAD acceptance 464

rule, enabling a streamlined, fully batched tensor 465

implementation with minimal dynamic control 466
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Figure 3: Accuracy–compute trade-off under different decoding budgets. We plot performance (%) versus the
average NFE across benchmarks. The dashed gray curve denotes the LLaDA-8B-Instruct baseline evaluated under
increasing NFE budgets, while the solid orange curve denotes our CAD with the given threshold (γconf = 0.95).
Each marker corresponds to one decoding budget. Across all four benchmarks, our method yields a consistently
better trade-off, achieving comparable or higher performance at substantially lower NFE.

Generation Model Tokens/Step Acc. (%) Avg. NFE Tokens/s (Speedup)
↑ ↓ ↑

Sequential (b=1) LLaDA 1 76.4 256 7.5 (1.00×)

Block Diffusion
(b=32)

LLaDA 1 77.4 256 7.5 (1.00×)
LLaDA 2 74.8 128 14.9 (1.99×)
Fast-dLLM / 76.9 78.7 18.4 (2.46×)
Ours 1–32 77.6 76.3 38.7 (5.18 ×)

Pure Diffusion
(b=256)

LLaDA 1 13.8 256 7.5 (1.00×)
LLaDA 2 13.0 128 14.9 (1.99×)
Ours 1–32 54.7 80.6 36.7 (4.91×)

Table 1: GSM8K (zero-shot) accuracy-efficiency across generation paradigms. We compare LLaDA-8B-Instruct
under sequential, block diffusion (b = 32), and pure diffusion (b = 256) decoding against our method. Tokens/Step
denotes the number of newly unmasked tokens per denoising step (fixed for LLaDA; adaptive for ours). Avg. NFE
is the average number of function evaluations per sample. Tokens/s reports the achieved decoding throughput
measured as finalized tokens per second under wall-clock time, and Speedup is computed relative to the sequential
baseline. For Fast-dLLM, we report the official results corresponding to its parallel decoding strategy without the
KV cache. All runs use a maximum sequence length of Lgen = 256.

flow. Consequently, our algorithmic NFE reduc-467

tions translate fully, and often superlinearly, into468

realized latency savings.469

Emergence of hierarchical planning. Beyond470

quantitative speedups, the decoding trajectory (vi-471

sualized in Appendix H.4, Fig. H.3) reveals that472

CD4LM learns a hierarchical generation strategy473

distinct from the linear left-to-right order of AR474

models. We observe a clear temporal separation475

between structure and logic:476

• Syntactic scaffolding (blue/green): Struc-477

tural tokens, including Python keywords (def,478

if, return) and control flow indentations,479

are consistently finalized in the earliest infer-480

ence steps (t < 10). This suggests the model481

performs global planning first, establishing482

a high-confidence syntactic skeleton to con-483

strain the solution space.484

• Logical refinement (yellow/red): Compu- 485

tationally intensive tokens, such as complex 486

arithmetic expressions (e.g., length = end 487

- start + 1) and conditional predicates, ap- 488

pear in warmer colors, indicating they are un- 489

masked much later. This confirms that CAD 490

effectively focuses the compute budget on the 491

“hardest” parts of the sequence, utilizing the 492

fully visible syntactic context to resolve logi- 493

cal dependencies with higher precision. 494

This behavior demonstrates that our method 495

effectively decouples global structural planning 496

from local logical execution, enabling the model to 497

“sketch” the solution before filling in intricate de- 498

tails: a key factor driving its efficiency and correct- 499

ness on structured tasks. This structural stability is 500

further validated by our qualitative evaluation pre- 501

sented in Appendix H.3, which demonstrates that 502
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Generation Model Tokens/Step pass@1 (%) pass@5 (%) Avg. NFE Tokens/s (Speedup)
↑ ↑ ↓ ↑

Sequential (b=1) LLaDA 1 36.8 49.2 256 3.6 (1.00×)

Block Diffusion
(b=32)

LLaDA 1 36.9 51.4 256 3.6 (1.00×)
LLaDA 2 33.2 44.8 128 7.3 (2.00×)
Ours 1–32 39.0 52.6 97.7 10.9 (2.96×)

Pure Diffusion
(b=256)

LLaDA 1 6.0 14.8 256 3.7 (1.00×)
LLaDA 2 14.4 24.2 128 7.3 (2.00×)
Ours 1–32 36.4 51.0 99.4 10.8 (2.96×)

Table 2: MBPP (three-shot) pass@k and efficiency across generation paradigms (LLaDA-8B-Instruct). We
report pass@1/pass@5 under sequential, block diffusion (b = 32), and pure diffusion (b = 256) decoding. Avg.
NFE, Tokens/s and Speedup are defined as in Table 1. All runs use a maximum sequence length of Lgen = 256.

Task Benchmark LLaDA-8B-Ins Ours Speedup

Code

HumanEval (pass@1 %) 38.7 256 40.9 113.2 3.30×
HumanEval (pass@5 %) 51.2 256 52.4113.9 3.26×
HumanEval-plus (pass@1 %) 31.7 256 32.9 115.0 3.25×
HumanEval-plus (pass@5 %) 42.7 256 43.9 113.3 3.27×
MBPP-plus (pass@1 %) 48.7 256 47.9 108.0 3.51×
MBPP-plus (pass@5 %) 68.8 256 67.7 108.8 3.41×

Math MATH500 (Acc %) 37.3 512 38.6 148.3 5.33×
Avg. 45.6 292.6 46.3 117.2 3.62×

Table 3: Overall performance on code and mathematics benchmarks. We report pass@1/5 on code benchmarks
and accuracy on MATH500. The nfe next to each score denotes the Avg. NFE for that setting. Speedup is measured
by wall-clock time relative to LLaDA-8B-Instruct under the same evaluation protocol. Avg. denotes the unweighted
mean across the listed benchmarks.

our method significantly reduces token repetition503

and improves coherence scores compared to base-504

lines employing aggressive fixed-step reduction.505

6 Conclusion506

In this work, we introduced CD4LM, a unified507

framework that reconciles the structural mismatch508

between diffusion training schedules and inference509

latency requirements. By coupling DSCD with510

CAD, we successfully decoupled the model’s gen-511

eration trajectory from rigid pre-defined schedules.512

Our extensive evaluation on GSM8K, HumanEval,513

and MBPP demonstrates that CD4LM achieves a514

strict Pareto improvement over standard diffusion515

baselines, delivering a 3×-5× speedup without sac-516

rificing accuracy. These results confirm that treat-517

ing diffusion models as flexible, instance-aware518

refinement operators, rather than fixed-schedule519

denoisers, is a viable path toward making non-520

autoregressive generation practical for real-world521

structured reasoning tasks.522

Future directions. Building on this framework,523

we identify several promising avenues to further524

advance and democratize non-autoregressive gen- 525

eration. 526

Dynamic and infinite-context diffusion: To 527

overcome the fixed canvas limitation, future work 528

could integrate our adaptive decoding method 529

with dynamic windowing mechanisms. Recent 530

work by Li et al. (2025) proposes extensions 531

of diffusion generation to arbitrary lengths via 532

semi-autoregressive context shifting. Combining 533

our confidence-adaptive logic with such dynamic 534

frameworks could yield a fully flexible diffusion 535

decoder that supports infinite-context generation 536

without pre-allocated buffers. 537

Integration with KV caching: Although our 538

current implementation recomputes the full con- 539

text at each step, prior work like Fast-dLLM (Wu 540

et al., 2025) has demonstrated the effectiveness of 541

approximate KV caching for DLMs. Since our 542

method is compatible with caching mechanisms, 543

integrating them could further amortize the com- 544

putational cost of the backbone. We hypothesize 545

that combining our algorithmic NFE reduction with 546

efficient memory management would yield even 547

greater wall-clock speedups. 548
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Limitations549

While CD4LM establishes a new Pareto frontier550

for DLM decoding efficiency, several limitations551

remain inherent to our current design.552

Static canvas constraints. First, like the under-553

lying LLaDA backbone and most block-diffusion554

models, our approach relies on a pre-defined max-555

imum sequence length (Lgen). Although CAD556

logically handles variable-length outputs via EOS557

blocking, the computational graph is statically al-558

located (e.g., padding to 256 tokens). This intro-559

duces memory redundancy when generating short560

sequences and imposes a hard boundary on long-561

context reasoning, preventing the model from gen-562

eralizing to sequences longer than its training win-563

dow.564

Teacher-bounded reasoning. Second, as a dis-565

tillation framework, the student’s capability is the-566

oretically bounded by that of the teacher. While567

DSCD effectively adapts the student to low-NFE568

trajectories, it does not fundamentally inject new569

reasoning capabilities. If the teacher hallucinates or570

fails in complex logic, the student may mimic those571

errors, as the training objective explicitly anchors572

the student to the teacher’s distribution.573

Metric sensitivity in open-ended domains.574

Third, our confidence-based acceptance relies on575

the assumption that low uncertainty correlates with576

correctness. This holds true for structured tasks577

like coding and mathematics (low-entropy targets)578

but may be overly conservative for high-entropy579

tasks, such as creative writing, where ambiguity580

is natural. Strict confidence thresholding in such581

domains might stifle diversity or lead to repetitive582

outputs.583
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A Extended Related Work758

We review four lines of work that are most relevant759

to our approach: (i) AR-LLMs and their parallel760

decoding methods, (ii) DLMs and their training761

objectives, (iii) inference strategies and parallel762

decoding for diffusion models, and (iv) diffusion-763

based models for code and mathematical reasoning.764

Existing work has established that diffusion archi-765

tectures can scale to competitive language mod-766

eling performance with attractive parallelism, but767

has left open how to decouple training from in-768

ference and allocate computation adaptively under769

tight NFE budgets. CD4LM keeps the diffusion770

backbone while redesigning the training objective771

and decoding policy to better support adaptive NFE772

allocation.773

A.1 Autoregressive and Diffusion Language774

Models775

AR-LLMs remain the dominant architecture for nat-776

ural language, code, and mathematical reasoning.777

Representative systems, such as GPT-4 (Achiam778

et al., 2023), the Llama family (Grattafiori et al.,779

2024), Qwen (Bai et al., 2023), and DeepSeek (Liu780

et al., 2024), achieve state-of-the-art results on a781

wide range of benchmarks. However, AR decoding782

is inherently sequential: To generate a sequence783

of length L, the model must perform L forward784

passes, each conditioned on the previously gener-785

ated prefix, which limits parallelism and leads to786

noticeable latency for long-context tasks. To mit-787

igate this bottleneck, several works propose draft-788

verify style acceleration methods, including spec-789

ulative decoding (Leviathan et al., 2023), Medusa790

(Cai et al., 2024), and EAGLE (Li et al., 2024),791

which parallelize the prediction of multiple future792

tokens within a single forward pass while approxi-793

mately preserving the original output distribution.794

DLMs offer a different generation paradigm795

based on iterative denoising and parallel token796

updates. Inspired by the success of continuous797

diffusion models in image generation (Ho et al.,798

2020), a series of works, such as Diffusion-LM (Li799

et al., 2022), Likelihood-Based DLMs (Gulrajani800

and Hashimoto, 2023), and Masked Diffusion Mod-801

els (Sahoo et al., 2024), extend the diffusion pro-802

cess to discrete token spaces. More recently, Large803

Language Diffusion Models (LLaDA) (Nie et al.,804

2025) demonstrate that a purely diffusion-based805

architecture can match or even surpass comparably806

sized AR models. However, a critical limitation of807

existing DLMs, including LLaDA, is the coupling 808

of training schedules with inference budgets. They 809

typically assume a fixed number of denoising steps 810

derived from the training noise schedule, lacking 811

the flexibility to dynamically trade computation for 812

quality. CD4LM addresses this by decoupling the 813

decoding trajectory from the training schedule, en- 814

abling efficient generation even under tight NFE 815

budgets where standard schedules fail. 816

A.2 Training Objectives and Distillation for 817

Diffusion Language Models 818

Early work on discrete diffusion models focused 819

on variational objectives and step-wise denoising 820

losses. Austin et al. (2021a) introduce a variational 821

lower bound with an auxiliary cross-entropy term 822

to improve likelihood on text data. For masked 823

or absorbing diffusion, Sahoo et al. (2024) and 824

Shi et al. (2024) rewrite the training objective as 825

a mixture of classical masked language modeling 826

losses or as a continuous-time weighted integral of 827

cross-entropy terms, yielding more scalable train- 828

ing; under a uniform-state formulation, Zhu et al. 829

(2025) demonstrate that a simplified denoising loss 830

over only noise-replaced tokens can outperform ob- 831

jectives based on Evidence Lower Bound (ELBO). 832

Together, these works clarify the likelihood and op- 833

timization landscape of discrete diffusion, provid- 834

ing stable and efficient training recipes for DLMs. 835

A second line of research moves DLMs closer 836

to AR-LLMs, either by reusing AR backbones or 837

by aligning the training distribution with the in- 838

ference trajectory. Asada and Miwa (2025) point 839

out that standard discrete diffusion models are 840

trained to denoise gold tokens corrupted by ran- 841

dom noise, whereas, at inference time, they denoise 842

self-generated tokens. They introduce a two-step 843

diffusion training scheme with step-aware losses 844

and a curriculum that gradually increases the prob- 845

ability of using self-generated text. In parallel, He 846

et al. (2025) formulate the choice of denoising tra- 847

jectories as a sequential decision-making problem 848

and use reinforcement learning under the same pro- 849

gressive refining schedule used at inference. These 850

methods reduce mismatch along a fixed schedule, 851

complementary to approaches that train students 852

robust to diverse intermediate states. 853

To reduce NFE, some works explore one-step or 854

few-step distillation. Consistency Models (Song 855

et al., 2023) propose a consistency objective in 856

continuous spaces that learns a generator mapping 857

noisy inputs at arbitrary timesteps directly to clean 858
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samples, enabling distillation of pretrained diffu-859

sion models. In language, DLM-One (Chen et al.,860

2025) trains a student in the continuous embedding861

space to match the score function of a pretrained862

DLM. While promising for aggressive step reduc-863

tion, these approaches typically rely on continuous864

or embedding-space diffusion. The distilled stu-865

dents are closely tied to a particular teacher and866

sampling trajectory, thus limiting flexibility when867

changing noise schedules or decoding policies.868

In contrast, our DSCD method operates directly869

on token-level masked sequences and trains a re-870

finement student that is broadly trajectory-invariant.871

Unlike previous distillation works that tie the stu-872

dent to a specific teacher sampling path or require873

continuous embedding spaces (Chen et al., 2025;874

Song et al., 2023), DSCD exposes the student to875

a diverse range of noise levels and masking pat-876

terns. This critical difference ensures that our stu-877

dent model remains robust to the irregular inter-878

mediate states induced by aggressive step-skipping879

strategies, a property that standard likelihood-based880

or specific-trajectory distillation objectives fail to881

guarantee.882

A.3 Inference and Parallel Decoding in883

Diffusion Language Models884

On the inference side, DLMs typically use an itera-885

tive denoise decoding process. A common method886

is to unmask a fixed number of the most confident887

tokens at every step (Sahoo et al., 2024). However,888

such predefined unmask schedules treat all tokens889

equally, leading to inefficiencies on structured tasks.890

Building on these basic unmask policies, a growing891

body of work seeks further acceleration by dynam-892

ically controlling parallelism. Adaptive Parallel893

Decoding (Israel et al., 2025) adjusts the number of894

tokens updated in parallel based on error estimates.895

Dimple (Yu et al., 2025) introduces confidence-896

based schemes for vision-language tasks. Fast-897

dLLM (Wu et al., 2025) proposes a training-free898

parallel decoding framework combined with block-899

wise KV caching.900

While effective in reducing the number of denois-901

ing steps, such training-free methods typically rely902

on inference-time heuristics to identify stable to-903

kens. Since the base model is not explicitly trained904

for aggressive parallel decoding, these methods905

must employ additional selection logic (e.g., sort-906

ing confidence scores or dynamic thresholding) at907

every step to filter out low-confidence predictions.908

This introduces computational overhead, which can909

prevent the reduction in NFE from fully translating 910

into wall-clock speedup (i.e., yielding sub-linear 911

speedups). Other recent works also explore hybrid 912

drafting: verification and caching (Wei et al., 2025; 913

Christopher et al., 2025; Liu et al., 2025). 914

CD4LM differentiates itself by identifying that 915

efficiency is not solely a decoding search problem 916

but also an alignment problem. Our decoding strat- 917

egy (CAD) is uniquely enabled by our training 918

objective (DSCD). By aligning the student model’s 919

distribution with aggressive decoding trajectories, 920

we minimize the need for complex filtering heuris- 921

tics. This enables a lightweight decoding policy 922

in which algorithmic NFE reductions translate ef- 923

ficiently, and often superlinearly, into wall-clock 924

gains. 925

A.4 Diffusion Language Models for Code and 926

Mathematical Reasoning 927

DLMs have recently been applied to structured 928

generation tasks. DiffuCoder (Gong et al., 2025) 929

trains masked DLMs on large-scale code corpora. 930

Mercury Coder (Labs et al., 2025) scales discrete 931

diffusion architectures to commercial settings tai- 932

lored to code completion. Beyond code, diffusion 933

models have also been explored for combinatorial 934

reasoning (Ye et al., 2024; Huang et al., 2025). 935

Most prior works in this domain focus on devel- 936

oping specialized architectures or training domain- 937

specific models from scratch (e.g., DiffuCoder, 938

Mercury Coder). While effective, this approach 939

is resource-intensive and creates silos between do- 940

mains. In contrast, CD4LM proposes a general- 941

purpose efficiency framework that can be applied 942

to existing pretrained diffusion backbones (like 943

LLaDA) without architectural changes. We demon- 944

strate that by simply aligning the training and de- 945

coding objectives, a general-purpose DLM can 946

achieve Pareto-superior performance on special- 947

ized code and mathematics benchmarks, outper- 948

forming baselines that lack adaptive computation 949

allocation. 950

B Preliminaries 951

We review the absorbing-state discrete diffusion 952

formulation adopted from LLaDA (Nie et al., 2025) 953

to establish the notation used in our theoretical 954

analysis. 955

Data representation. Let D = {(x, y)} be a 956

corpus of conditional generation tasks, where x = 957

(x1, . . . , xLx) is the prompt (e.g., a coding problem 958
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or mathematics question) and y = (y1, . . . , yLy)959

is the target sequence (e.g., the solution program960

or derivation). We concatenate them into a sin-961

gle sequence z = (x; y) = (z1, . . . , zL), with962

L = Lx + Ly. The base vocabulary V is aug-963

mented with a special absorbing mask token m /∈ V ,964

and an end-of-sequence token <EOS>, giving the965

extended vocabulary: V+ = V ∪ {m, <EOS>}. For966

chain-of-thought supervision, we place the entire967

reasoning trace together with the final answer in the968

target region (i > Lx); hence, the model explicitly969

learns to refine both intermediate reasoning and fi-970

nal answers. For code completion benchmarks, the971

natural-language problem description and function972

signature belong to the prompt region, while the973

full solution body is treated as target tokens.974

Forward absorbing process. We adopt the ab-975

sorbing discrete diffusion framework for text976

(Austin et al., 2021a; Shi et al., 2024; Sahoo et al.,977

2024; Nie et al., 2025), which models corruption978

as stochastic erasure rather than additive noise. Let979

t ∈ [0, 1] be a continuous noise level with a mono-980

tone schedule α(t) ∈ [0, 1] satisfying α(0) = 0981

and α(1) ≈ 1. The forward process qt(z̃ | z)982

gradually destroys information in the target region983

while preserving the prompt:984

qt(z̃ | z) =
L∏
i=1

qt(z̃i | zi)985

986

qt(z̃i | zi) =

{
δz̃i=zi , i ≤ Lx,

(1− α(t))δz̃i=zi + α(t)δz̃i=m, i > Lx,
(6)987

where δ is the Kronecker delta. Once a token is988

replaced by m, it remains masked for all larger t;989

hence, the forward chain is an absorbing Markov990

process. We denote the masked set by M(z̃) =991

{i : z̃i = m}. In practice, we do not simulate992

this Markov chain step-by-step. Given z and t, we993

instead sample a Bernoulli mask b ∈ {0, 1}Ly with994

Pr(bj = 1) = α(t) for target positions and set995

z̃ = Mask(z, b), which matches qt(z̃ | z) in (6).996

In all experiments, we reuse the continuous-time997

masking schedule from LLaDA and adopt the same998

choices of α(t), the sampling distribution ρ(t) over999

t, and the weighting function w(t).1000

Diffusion teacher and ELBO-style objective. A1001

DLM parameterized by ϕ defines a reverse model1002

that predicts clean tokens at the masked positions1003

of a corrupted sequence:1004

pϕ(z | z̃, t) =
∏

i∈M(z̃)

pϕ(zi | z̃, t), (7)1005

where each pϕ(zi | z̃, t) is a categorical distribution 1006

over V+. We follow LLaDA (Nie et al., 2025) 1007

and parameterize pϕ with a Transformer that maps 1008

(z̃, t) to logits over the vocabulary at all positions; 1009

unmasked positions are simply copied from the 1010

input. For absorbing discrete diffusion, the log- 1011

likelihood admits an evidence lower bound whose 1012

dominant term reduces to a time-weighted masked 1013

cross-entropy (Austin et al., 2021a; Sahoo et al., 1014

2024; Shi et al., 2024). We adopt the simplified 1015

continuous-time objective used in masked DLMs: 1016

Lteacher(ϕ) = E(x,y)∼DEt∼ρ(t)Ez̃∼qt(·|z)

[
w(t)

|M(z̃)|

·
∑

i∈M(z̃)

− log pϕ(zi | z̃, t)
]
,

(8) 1017

where ρ(t) and w(t) are inherited from LLaDA. 1018

Optimizing (8) yields a high-quality diffusion 1019

teacher, but sampling requires iterating over a long 1020

schedule t1 > · · · > tT , leading to high decod- 1021

ing latency. In practice, pϕ is instantiated as the 1022

publicly released LLaDA checkpoint of the corre- 1023

sponding size and kept frozen throughout student 1024

training; we do not modify its architecture, train- 1025

ing objective, or noise schedule. All improvements 1026

reported in this article, therefore, come from the 1027

distilled student and our decoding policy, rather 1028

than from retraining the teacher. 1029

Notation. We summarize the main symbols in 1030

the theoretical analysis and their meanings. 1031

• pθ, pϕ = Student model and frozen Teacher model 1032

• z̃S , z̃T (Sect. 3.1) ↔ S, T (Appendix C) = 1033

masked input views 1034

• MS ,MT = masked position sets for student and 1035

teacher 1036

• λ(g), τ = Curriculum schedule and distillation 1037

temperature 1038

• M(s) (Sect. 3.2) = masked set at decoding step s 1039

• E(s) = eligible set = M(s) ∩ Bj (active block 1040

intersection) 1041

• S(s) = commit set (positions to unmask at step s) 1042

• c
(s)
i = confidence score = maxv pθ(v | z̃(s))i 1043

• γconf = Confidence threshold for CAD acceptance 1044

• kmin, kmax = Trust region bounds for commit 1045

size |S(s)| 1046
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C A Martingale Projection View of DSCD 1047

While DSCD is empirically motivated, it possesses a rigorous theoretical grounding. By enforcing 1048

teacher-subset masking (MT ⊆MS), we effectively construct a stochastic filtration of information where 1049

the teacher always holds a strictly finer information set than the student. In this section, we formally 1050

prove that minimizing Lcons is equivalent to training the student to approximate the Martingale projection 1051

(Vincent, 2011) of the teacher’s belief state. This guarantees that the student learns the expected trajectory 1052

of the teacher, satisfying the statistical definition of trajectory invariance. 1053

C.1 Setup and Information Ordering 1054

Let (Ω,F , P ) be the probability space that supports all random variables in our construction. Let Z ∈ Z 1055

denote the clean (ground-truth) token sequence. The absorbing masking process of LLaDA defines, for 1056

each masking patternM, a partially masked sequence X(M) obtained by replacing a subset of token 1057

positions in Z with the mask token m. 1058

To simplify notation in this theoretical analysis, we denote the random variables corresponding to the 1059

student view z̃S and teacher view z̃T (defined in Sec. 3.1) simply as S and T . We define: 1060

S = X(MS), T = X(MT ). 1061

We write 1062

FS = σ(S), FT = σ(T ) 1063

for the σ-algebras generated by the corresponding observed (unmasked) tokens. 1064

In our nested masking design, the teacher always sees a superset of the tokens visible to the student. 1065

Concretely, ifMS andMT denote the random sets of masked positions for the student and teacher, we 1066

enforce 1067

MT ⊆MS , 1068

so that every token unmasked for the student is also unmasked for the teacher. Equivalently, the teacher’s 1069

observation T is a measurable function of (S,Z), and the associated σ-algebras are ordered as FS ⊆ FT . 1070

Definition 1 (Information ordering). We say that the teacher is informationally richer than the student, 1071

and write S ⪯ T , if 1072

FS ⊆ FT , 1073

i.e., every event that is measurable with respect to the student state S is also measurable with respect to 1074

the teacher state T . Under our nested masking schemeMT ⊆MS , we have S ⪯ T by construction. 1075

C.2 Consistency as Projection onto Student Information 1076

We now formalize how DSCD can be viewed as projecting the teacher’s conditional distribution onto the 1077

information available to the student. Let Z ∈ Z denote the clean (ground-truth) sequence, and let S and 1078

T be the student and teacher states as in Definition 1, with FS = σ(S) and FT = σ(T ) satisfying S ⪯ T . 1079

Given a student state S = s, the DSCD objective compares the student distribution pθ(· | s) against the 1080

teacher distribution pϕ(· | T ) averaged over the teacher states T that are compatible with S = s. Formally, 1081

the DSCD consistency loss can be written as 1082

LDSCD(θ) = ESET |S
[
DKL(pϕ(· | T )∥pθ(· | S))

]
, (9) 1083

where the outer expectation is taken over the student states induced by the diffusion process and masking 1084

policy, and the inner expectation is taken over the corresponding teacher states. For later use, we define 1085

the teacher-induced projected distribution 1086

Q(z | S = s) := ET |S=s[pϕ(z | T )], (10) 1087

i.e., Q(· | s) is obtained by averaging the teacher’s conditional distributions over all teacher states T 1088

consistent with the student state S = s. Equivalently, Q(· | S) is the conditional expectation of pϕ(· | T ) 1089

with respect to the σ-algebra FS . 1090
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Proposition 1 (DSCD as projection onto FS). Assume the student model class {pθ(· | S)} is rich enough1091

to represent any conditional distribution over Z for each S = s. Then the DSCD loss (9) is minimized by1092

p∗θ(z | S = s) = Q(z | S = s) = ET |S=s[pϕ(z | T )], ∀s ∈ S. (11)1093

In particular, p∗θ(· | S) coincides with the conditional expectation of the teacher’s conditional distribution1094

pϕ(· | T ) onto the coarser σ-algebra FS .1095

Proof. By expanding the KL divergence in (9), we obtain1096

LDSCD(θ) = ES,T [DKL(pϕ(· | T )∥pθ(· | S))] (12)1097

= ES,T

[∑
z∈Z

pϕ(z | T ) log
pϕ(z | T )
pθ(z | S)

]
(13)1098

= ES,T

[∑
z∈Z

pϕ(z | T ) log pϕ(z | T )

]
︸ ︷︷ ︸

constant w.r.t. θ

−ES,T

[∑
z∈Z

pϕ(z | T ) log pθ(z | S)

]
. (14)1099

The first term does not depend on θ and can be dropped. Thus, minimizing (9) is equivalent to maximizing1100

ES,T

[∑
z∈Z

pϕ(z | T ) log pθ(z | S)

]
= ES

[∑
z∈Z

ET |S [pϕ(z | T )] log pθ(z | S)

]
. (15)1101

For each fixed student state S = s, the inner objective becomes1102 ∑
z∈Z

Q(z | s) log pθ(z | s), (16)1103

which is maximized when pθ(· | s) = Q(· | s). Therefore, p∗θ(· | S) = Q(· | S).1104

This proposition shows that DSCD does not force the student to reproduce the teacher’s full diffusion1105

trajectory. Instead, the student learns the teacher’s conditional distribution after integrating out the extra1106

information available only to the teacher, i.e., after projecting onto the coarser information σ-algebra FS .1107

This implies that the student learns to directly predict the expectation of the teacher’s multi-step denoising1108

result, effectively compressing the diffusion trajectory into a single forward pass.1109

D Variance Reduction Analysis of Teacher-Subset Masking1110

We theoretically justify our choice of the teacher-subset masking scheme (MT ⊆MS) not merely as a1111

heuristic, but as a variance reduction technique rooted in statistical decision theory. Intuitively, ifMT1112

were independent ofMS , the teacher might lack access to tokens visible to the student, causing it to1113

marginalize over “blind” positions and produce high-variance targets. By enforcingMT ⊆ MS , we1114

ensure the teacher always conditions on a strict superset of the student’s information. In this section,1115

we prove that this effectively applies Rao-Blackwellization (Casella and Robert, 1996) to the gradient1116

estimator: By conditioning on the additional informationMS \MT , we strictly minimize the conditional1117

variance of the distillation target compared to independent masking.1118

D.1 Problem Setup1119

Let z be the ground truth sequence. The student observes a partial view z̃S with maskMS . The student’s1120

goal is to minimize the divergence from a target distribution provided by the teacher. Let the teacher’s1121

view be z̃T with maskMT . The teacher’s prediction is a random variable Y = pϕ(· | z̃T ), which serves1122

as the regression target for the student.1123

We compare two masking schemes:1124

• Teacher-subset masking:MT ⊆MS . The teacher observes everything the student observes, plus1125

additional tokens ∆ =MS \MT .1126

• Independent masking:MT is sampled independently. Crucially, there exists a non-empty set of1127

“blind” tokens B =MT ∩ (V \MS) that are visible to the student but masked for the teacher.1128
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D.2 Variance Reduction via Rao-Blackwellization 1129

We now make the variance reduction claim precise. Let U be a random target quantity that the teacher 1130

aims to approximate (e.g., a one-hot encoding of the ground-truth token or a sufficient statistic thereof). 1131

For any information σ-algebra G, the Bayes-optimal predictor based on G is the conditional expectation 1132

Y (G) = E[U | G]. 1133

The student observes a state z̃S and the corresponding σ-algebra FS = σ(z̃S). We consider two teacher 1134

information sets: 1135

• Teacher-subset masking: The teacher observes all information available to the student plus ad- 1136

ditional tokens. Denote the teacher’s state by z̃T,sub and the associated σ-algebra by F sub
T , with 1137

FS ⊆ F sub
T . The Bayes-optimal teacher prediction is 1138

Y sub = E[U | F sub
T ]. 1139

• Independent masking: The teacher’s mask is sampled independently of the student’s mask; hence, 1140

the teacher state z̃T,ind may hide a subset of tokens that are visible to the student. Let F ind
T = σ(z̃T,ind) 1141

be the corresponding information set. The Bayes-optimal independent teacher prediction is 1142

Y ind = E[U | F ind
T ]. 1143

While the teacher model pϕ is not the true Bayes-optimal posterior of the data, it serves as the ground- 1144

truth definition for the distillation task. Under this view, subset masking reduces the variance of the 1145

gradient estimator relative to the distillation target. 1146

In the teacher-subset scheme, the teacher’s information strictly refines the independent teacher’s 1147

information once we condition on the student’s view: 1148

σ(FS ,F ind
T ) ⊆ F sub

T . 1149

The following lemma is a conditional version of the Rao-Blackwell theorem. 1150

Lemma 1 (Conditional Rao-Blackwellization). Let U ∈ L2(Ω,F , P ) and let G ⊆ H ⊆ F be σ-algebras. 1151

Define 1152

YG = E[U | G], YH = E[U | H]. 1153

Then for any σ-algebra K ⊆ G, 1154

Var(YH | K) ≤ Var(YG | K) almost surely (a.s.) 1155

with equality iff YG = YH. 1156

Proof. Fix K ⊆ G. Using the tower property and orthogonality of conditional expectations in L2, we can 1157

write 1158

YG − YH = (YG − E[YH | G]) + (E[YH | G]− YH). 1159

Since G ⊆ H, we have E[YH | G] = YG ; hence, the first term is zero and 1160

YG − YH = YG − E[U | H]. 1161

Taking conditional expectations with respect to K and using K ⊆ G gives 1162

Var(YG | K) = Var(YH | K) + E
[
(YG − YH)

2 | K
]
. 1163

The second term is nonnegative and vanishes iff YG = YH a.s. 1164
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We now instantiate Lemma 1 with1165

K = FS , G = F ind
T , H = F sub

T .1166

By construction, K ⊆ G ⊆ H and1167

Y ind = YG , Y sub = YH.1168

Therefore, Lemma 1 implies1169

Var(Y sub | FS) ≤ Var(Y ind | FS) a.s. (17)1170

whenever the teacher is Bayes-optimal with respect to its information set. Moreover, the inequality is1171

strict as soon as F ind
T ⊊ F sub

T .1172

In words, teacher-subset masking Rao-Blackwellizes the distillation target by conditioning on the1173

student’s full observation and the additional tokens revealed by the nested mask, thereby reducing the1174

conditional variance of the teacher signal seen by the student.1175

E Theoretical Analysis of Confidence-Adaptive Decoding (CAD)1176

This appendix provides (i) a decision-theoretic motivation for CAD as a greedy solver of a per-step1177

risk-efficiency trade-off with trust-region and liveness constraints, and (ii) basic guarantees on termination,1178

step bounds, and computational overhead.1179

This derivation shows that confidence thresholding is optimal for an additive risk-efficiency objective,1180

and that under cardinality constraints, the optimal solution is a confidence-sorted prefix. CAD implements1181

a greedy approximation with explicit trust-region and liveness constraints.1182

E.1 Notation and Eligible Set1183

Let the target length be Lgen. At decoding step s, the current partially-masked state is z̃(s) ∈ VLgen , and1184

the masked index set isM(s) = {i ∈ [Lgen] : z̃
(s)
i = m}. For block diffusion with block size b, define1185

blocks1186

Bj = {(j − 1)b+ 1, . . . ,min(jb, Lgen)}, j = 1, . . . , J, J = ⌈Lgen/b⌉,1187

and maintain an active block index j (decoded left-to-right). CAD operates on the eligible set1188

E(s) = M(s) ∩ Bj , (18)1189

i.e., masked positions within the active block. Pure diffusion is recovered as a special case by setting1190

b = Lgen (a single block), in which case E(s) =M(s).1191

E.2 Decision-theoretic Derivation (Per-step Objective)1192

At step s, the model produces a confidence score for each eligible position i ∈ E(s), c
(s)
i ∈ [0, 1]. We1193

interpret c(s)i as a proxy for the probability that the current argmax token at position i is correct:1194

c
(s)
i ≈ P(correcti | z̃(s)). (19)1195

Let V(s) ⊆ E(s) denote the valid candidates at step s (e.g., after excluding padding or other structurally1196

invalid positions; by default V(s) = E(s)). The decision variable is a commit set S ⊆ V(s).1197

We define two opposing per-step objectives: (i) risk: the expected number of incorrect tokens committed1198

at this step,R(S) =
∑

i∈S(1− c
(s)
i ), and (ii) efficiency: the number of committed tokens, E(S) = |S|.1199

We combine them into a net cost1200

L(S) = R(S)− λtrade E(S) =
∑
i∈S

(
1− c

(s)
i − λtrade

)
, (20)1201

where λtrade > 0 controls the risk-speed trade-off and is unrelated to the training loss-mixing schedule1202

λ(g). Because (20) is additive across positions, the unconstrained minimizer commits all positions whose1203

per-token contribution is negative:1204

i ∈ S∗ ⇐⇒ 1− c
(s)
i − λtrade < 0 ⇐⇒ c

(s)
i > 1− λtrade. (21)1205

Defining the confidence threshold γconf = 1− λtrade yields the basic confidence thresholding rule.1206
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E.3 Trust-region and Liveness Constraints, and the CAD Rule 1207

In practice, we impose two cardinality constraints: trust region (|S| ≤ kmax) to prevent committing 1208

too many tokens based on local confidence estimates, and liveness (|S| ≥ kmin) to guarantee progress 1209

whenever possible. This yields the constrained problem 1210

min
S⊆V(s)

L(S) s.t. kmin ≤ |S| ≤ kmax. (22) 1211

Sorting candidates by decreasing confidence produces an ordering i(1), . . . , i(|V(s)|) with c
(s)
i(1)
≥ · · · ≥ 1212

c
(s)
i
(|V(s)|)

. Under (22), the optimum is always a prefix of this ordering. CAD adopts a simple greedy 1213

approximation: Count how many positions within the trust region exceed γconf, 1214

nconf =
∣∣∣{j ≤ min(kmax, |V(s)|) : c(s)i(j)

≥ γconf

}∣∣∣ , (23) 1215

then clamp the committed token count and select the top-k(s) positions: 1216

k(s) = min
(
max(kmin, nconf), min(kmax, |V(s)|)

)
, S(s) = {i(1), . . . , i(k(s))}. (24) 1217

Equations (23)-(24) match the CAD update implemented in the main text. 1218

E.4 Monotonic Progress and Step Bound 1219

Termination guarantee. Within the active block Bj , CAD operates in an absorbing manner: once a 1220

position is committed (i.e., <mask> is replaced by a concrete token), it is never remasked. Let E(s) = 1221

M(s) ∩ Bj denote the set of unresolved (masked) positions in the active block at step s. The clamping 1222

mechanism in Eq. (24) enforces k(s) ≥ 1 whenever E(s) ̸= ∅ (typically k(s) ≥ kmin). Consequently, CAD 1223

guarantees strict monotonicity in the reduction of the mask set: 1224

|M(s+1) ∩ Bj | < |M(s) ∩ Bj |. (25) 1225

This implies that any block of size |Bj | must be fully resolved after at most Nstep = ⌈|Bj |/kmin⌉ function 1226

evaluations. This yields a deterministic per-block latency upper bound, ruling out the non-terminating 1227

refinement loops often observed in non-absorbing iterative decoding. 1228

EOS blocking and safety. To prevent premature termination, we apply an EOS blocking strategy with 1229

a threshold βEOS. For any position i selected for commitment, if the top-ranked prediction is the EOS 1230

token but its confidence c
(s)
i < βEOS, we suppress the EOS and instead commit the next most likely 1231

non-EOS candidate: 1232

ẑi = argmax
v∈V\{EOS}

pθ(v | z̃(s))i. 1233

The EOS token is only committed when it is both top-ranked and sufficiently confident (c(s)i ≥ βEOS), or 1234

when the decoding reaches a hard stopping condition (e.g., all blocks resolved or global Smax reached). 1235

Crucially, because EOS blocking only alters which concrete token is chosen—but still commits a token—it 1236

preserves the monotonicity property derived above. 1237

The following statements formalize the monotonicity and yield the step bound. 1238

Lemma 2 (Monotonicity within the active block). Assume E(s) ̸= ∅ and kmin ≥ 1. After one CAD update, 1239

|M(s+1) ∩ Bj | ≤ |M(s) ∩ Bj | − 1. 1240

Moreover, if |E(s)| ≥ kmin, then 1241

|M(s+1) ∩ Bj | ≤ |M(s) ∩ Bj | − kmin. 1242
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Proof. By construction, S(s) ⊆ E(s) = M(s) ∩ Bj and each i ∈ S(s) is committed from <mask> to a1243

concrete token, hence removed fromM(s). If E(s) ̸= ∅, the clamp in (24) ensures k(s) ≥ 1, yielding the1244

first inequality. When |E(s)| ≥ kmin, we have k(s) ≥ kmin, yielding the second inequality.1245

Corollary 1 (Per-block and total NFE bound). For block size b, each block Bj is resolved within at most1246

⌈|Bj |/kmin⌉ NFE. Therefore, the total NFE satisfies1247

S ≤
J∑

j=1

⌈
|Bj |
kmin

⌉
≤

⌈
Lgen

kmin

⌉
+ J ≤

⌈
Lgen

kmin

⌉
+

⌈
Lgen

b

⌉
,1248

and is additionally capped by the implementation limit Smax.1249

E.5 Special Cases and Relation to Fixed-step Decoding1250

Proposition 2 (Pure diffusion as a special case). Setting b = Lgen (i.e., J = 1) reduces block diffusion1251

with CAD to pure diffusion with CAD, because E(s) =M(s) for all s.1252

Proposition 3 (Reduction to fixed-step block diffusion). If γconf = −∞ and kmin = kmax = k (a1253

constant), then CAD commits exactly k positions per NFE within the active block (until fewer than k1254

masks remain), matching a fixed-step block diffusion schedule up to the last step of each block.1255

E.6 Complexity and Overhead1256

A natural concern for CAD is the computational cost of the control policy itself (e.g., selecting high-1257

confidence positions and updating the active set), especially at large batch sizes. We denote by B the batch1258

size, L the total sequence length (prompt + target), Lgen the maximum generation budget, D the hidden1259

dimension, and Nlayer the number of Transformer layers. Ignoring constant factors, a single forward pass1260

of the student model has time complexity1261

Costmodel = O
(
BNlayer(L

2D + LD2)
)
, (26)1262

dominated by self-attention and feed-forward blocks over the full context.1263

In contrast, the CAD controller operates only on token-wise confidence scores within the eligible set.1264

At decoding step s, it performs thresholding and/or a top-k operation over at most |E(s)| elements, costing1265

Cost(s)CAD = O
(
B |E(s)| log |E(s)|

)
. (27)1266

Under block diffusion with block size b, we have |E(s)| ≤ b for all s, hence1267

CostCAD =

S∑
s=1

Cost(s)CAD = O
(
BS b log b

)
≤ O

(
BS Lgen logLgen

)
, (28)1268

where the last inequality follows from b ≤ Lgen (pure diffusion corresponds to b = Lgen). Comparing the1269

two, the relative overhead satisfies:1270

CostCAD

Costmodel
≲

BS b log b

B NlayerS(L2D + LD2)
≈ O

(
b log b

NlayerL2D

)
. (29)1271

Since L represents the full sequence length, we observe two asymptotic regimes: (1) For block diffusion1272

(b fixed, b≪ L), the overhead decays quadratically with sequence length (∝ L−2), rendering it negligible1273

for long-context generation. (2) Even for pure diffusion where b ≈ Lgen < L, the ratio scales as O(L−1),1274

which still vanishes asymptotically as model depth and width increase.1275

F Method Details1276

F.1 Distillation Algorithm Pseudocode1277

Algorithm 1 describes the full training procedure for DSCD. The algorithm alternates between (i) con-1278

structing paired student-teacher views via teacher-subset masking, (ii) computing the curriculum-weighted1279

loss, and (iii) updating the student parameters.1280
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(a) Autoregressive Language Model (b) Block Diffusion Language Model

(c) Block Diffusion Language Model with Adaptive Decoding (d) Pure Diffusion Language Model with Adaptive Decoding

Fixed block Preset #tokens to decode

Figure F.1: Overview of different decoding paradigms. (a) Standard Autoregressive decoding. (b) Fixed-schedule
Block Diffusion (adopted by the LLaDA backbone (Nie et al., 2025)), which decodes a preset number of masked
tokens per step. (c) Block diffusion with our Confidence-Adaptive Decoding (CAD): Within each block, we
adaptively select a high-confidence set of masked positions to unmask (implementation detailed in Algorithm 2),
enabling variable token counts across steps. (d) The same CAD rule applied to pure diffusion, iteratively denoising
the entire sequence starting from all <mask> tokens.

Key design choices. 1281

1. Teacher-subset masking (lines 14-16): By enforcingMT ⊆ MS , the teacher always observes a 1282

superset of tokens visible to the student. eqThis Rao-Blackwellizes the distillation target (Appendix D). 1283

2. Multiplicative ratio coupling (lines 7-9): The teacher ratio is derived as rT = rS · u with u ∼ 1284

U(0.3, 0.7), ensuring rT < rS with high probability while maintaining stochastic diversity. 1285

3. Minimum mask count (line 11): Short answers (Ly < 20) use reduced mask ratios to prevent 1286

degenerate training signals. 1287

Mask ratio sampling. The mask ratios are sampled according to: 1288

rS ∼ U(rmin
S , rmax

S ) = U(0.4, 0.9),
rT = clip

(
rS · u, rmin

T , rmax
T

)
, u ∼ U(0.3, 0.7),

(30) 1289

where [rmin
T , rmax

T ] = [0.1, 0.6]. The multiplicative coupling ensures that the teacher always sees more 1290

context than the student (i.e., |MT | ≤ |MS |). 1291

Curriculum schedule function. The mixing coefficient λ(g) follows a cosine schedule with warmup: 1292

λ(g) =


λ0, g ≤ α,

λ0 + (λ1 − λ0) ·
1− cos

(
π g−α
1−α

)
2

, g > α,
(31) 1293

where g ∈ [0, 1] is the normalized training progress, α is the warmup fraction, and λ0 > λ1 ensures the 1294

transition from distillation-dominated to reconstruction-dominated training. 1295

F.2 Adaptive Decoding Algorithm Pseudocode 1296

Algorithm 2 presents the CAD procedure. The algorithm operates within the block diffusion framework 1297

and adaptively selects how many tokens to commit at each step based on model confidence. 1298
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Key algorithmic properties.1299

1. Block-wise decoding (lines 7-12): Positions are partitioned into J = ⌈Lgen/b⌉ contiguous blocks.1300

CAD processes one block at a time, advancing to the next block only when the current one is fully1301

resolved. Pure diffusion is recovered by setting b = Lgen.1302

2. Confidence computation (line 17): The confidence score c
(s)
i = pi,ẑi is the probability mass assigned1303

to the predicted token ẑi = argmaxv pi,v. This equals the maximum probability maxv pi,v by1304

construction.1305

3. Confidence thresholding (line 25): Positions with confidence c
(s)
i ≥ γconf are candidates for com-1306

mitment. This implements the optimal decision rule derived from the risk-efficiency trade-off (Ap-1307

pendix E).1308

4. Cardinality clamping (line 26): The commit count k(s) satisfies:1309

k(s) = clip
(
max(nconf, kmin), kmin, min(kmax, |V(s)|)

)
. (32)1310

The lower bound kmin guarantees progress (liveness); the upper bound kmax prevents overcommitment1311

from unreliable confidence estimates (trust region).1312

5. EOS blocking (lines 18-21): Premature <EOS> predictions are suppressed until at least βEOS · Lgen1313

tokens have been decoded, preventing degenerate short outputs. When all positions predict EOS (lines1314

22-24), the algorithm forces progress by selecting kmin tokens regardless of blocking.1315

Complexity analysis. Let S be the total number of decoding steps. The CAD controller performs at most1316

O(b log b) operations per step (sorting within the eligible set), yielding total overhead O(S · b log b). This1317

is negligible compared to the model forward cost O(S ·Nlayer(L
2D + LD2)), as detailed in Appendix E.1318

Step bound. By Corollary 1, the total NFE is bounded by:1319

S ≤
⌈
Lgen

kmin

⌉
+

⌈
Lgen

b

⌉
, (33)1320

plus the implementation cap Smax. With default parameters kmin = 1 and b = Lgen, this reduces to1321

S ≤ Lgen + 1 in the worst case; in practice, adaptive acceptance yields S ≪ Lgen.1322
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Algorithm 1 Discrete-Space Consistency Distillation (DSCD)

Require: Teacher model pϕ (frozen), student model pθ, dataset D
Require: Mask ratio ranges: [rmin

S , rmax
S ], [rmin

T , rmax
T ]

Require: Distillation temperature τ , curriculum parameters λ0, λ1, α
Require: Maximum training steps Gmax

1: for g = 1 to Gmax do
2: Sample mini-batch {(x(b), y(b))}Bb=1 ∼ D
3: for each sample (x, y) in batch do
4: z ← (x; y) ▷ Concatenate prompt and target
5: Lx ← |x|, Ly ← |y|, L← Lx + Ly

// — Step 1: Sample mask ratios (see Eq. 30) —
6: rS ∼ Uniform(rmin

S , rmax
S )

7: u ∼ Uniform(0.3, 0.7)
8: rT ← clip(rS · u, rmin

T , rmax
T )

// — Step 2: Construct student mask —
9: Uvalid ← {Lx + 1, . . . , L} \ P

10: MS ← RandomSample(Uvalid, nS) ▷ Uniformly sample positions
11: z̃S ← Mask(z,MS) ▷ Replace zi with m for i ∈MS

// — Step 3: Teacher-subset masking —
12: nT ← min(⌊Ly · rT ⌋, nS)
13: MT ← RandomSubset(MS , nT ) ▷ Strict subset:MT ⊆MS

14: z̃T ← Mask(z,MT )
// — Step 4: Forward pass —

15: ℓθ ← pθ(· | z̃S) ▷ Student logits
16: ℓϕ ← pϕ(· | z̃T ) ▷ Teacher logits (no grad)

// — Step 5: Compute losses onMS —
17: Lrecon ← − 1

|MS |
∑

i∈MS
log pθ(zi | z̃S)

18: p̃ϕ ← softmax(ℓϕ/τ) ▷ Temperature-scaled teacher
19: Lcons ← τ2

|MS |
∑

i∈MS
KL(p̃ϕ,i∥pθ,i)

20: end for
// — Step 6: Curriculum-weighted total loss —

21: λ(g)← CosineSchedule(g/Gmax;λ0, λ1, α) ▷ Eq. (31)
22: Ltotal ← λ(g) · Lcons + (1− λ(g)) · Lrecon

// — Step 7: Parameter update —
23: θ ← θ − η · ∇θLtotal

∣∣
batch

24: end for
25: return Trained student pθ
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Algorithm 2 Confidence-Adaptive Decoding (CAD)

Require: Student model pθ, prompt x
Require: Maximum generation budget Lgen
Require: Block size b, confidence threshold γconf
Require: Acceptance bounds kmin, kmax, EOS blocking ratio βEOS, max steps Smax

1: z̃(0) ← (x; m, . . . , m︸ ︷︷ ︸
Lgen

) ▷ Initialize with all masks

2: M(0) ← {1, . . . , Lgen} ▷ All target positions masked
3: J ← ⌈Lgen/b⌉, j ← 1 ▷ Number of blocks, active block index
4: s← 0, ndecoded ← 0 ▷ Step counter, decoded token count
5: whileM(s) ̸= ∅ and s < Smax do

// — Step 1: Compute eligible set within active block —
6: Bj ← {(j − 1)b+ 1, . . . ,min(jb, Lgen)}
7: E(s) ←M(s) ∩ Bj ▷ Eligible = masked ∩ active block
8: if E(s) = ∅ then
9: j ← j + 1 ▷ Advance to next block

10: continue
11: end if

// — Step 2: Model forward and confidence computation —
12: ℓ← pθ(· | z̃(s)) ▷ Logits for all positions
13: p← softmax(ℓ) ▷ Token probabilities
14: ẑi ← argmaxv ℓi,v for i ∈ E(s) ▷ Predicted tokens
15: c

(s)
i ← pi,ẑi for i ∈ E(s) ▷ Confidence = prob of argmax token

// — Step 3: EOS blocking —
16: if ndecoded/Lgen < βEOS then
17: for i ∈ E(s) where ẑi ∈ {<EOS>, <|im_end|>, . . .} do
18: c

(s)
i ← −∞ ▷ Suppress premature EOS

19: end for
20: end if

// — Step 4: Confidence-adaptive selection —
21: V(s) ← {i ∈ E(s) : c(s)i > −∞} ▷ Valid (non-blocked) positions
22: if V(s) = ∅ then
23: k(s) ← min(kmin, |E(s)|) ▷ Force progress when all blocked
24: S(s) ← TopK({c(s)i }i∈E(s) , k(s))
25: else
26: nconf ← |{i ∈ V(s) : c(s)i ≥ γconf}| ▷ Count above threshold
27: k(s) ← clip

(
max(nconf, kmin), kmin, min(kmax, |V(s)|)

)
28: S(s) ← TopK({c(s)i }i∈V(s) , k(s)) ▷ Select top-k positions
29: end if

// — Step 5: Commit predictions —
30: for i ∈ S(s) do
31: z̃

(s+1)
i ← ẑi

32: end for
33: M(s+1) ←M(s) \ S(s)
34: ndecoded ← ndecoded + |S(s)|
35: s← s+ 1
36: end while
37: return z̃(s) ▷ Fully decoded sequence
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F.3 Implementation Details and Hyperparameters 1323

Training hyperparameters. Table F.1 summarizes all training hyperparameters with their symbols 1324

matching the notation in Sect. 3.1. 1325

Hyperparameter Symbol CODE MATH

Optimization:
Optimizer – AdamW AdamW
Learning rate η 5× 10−6 5× 10−6

LR Schedule – cosine cosine
Weight decay – 0.01 0.01
Betas (β1, β2) (0.9, 0.999) (0.9, 0.999)
Gradient clipping – 1.0 1.0
Warmup steps – 300 200
Effective batch size B 64 64
Training epochs – 3 10

Distillation:
Temperature τ 1.5 2.0
Initial λ λ0 0.9 0.9
Final λ λ1 0.5 0.5
Warmup ratio α 0.1 0.1
Student mask ratio rS ∈ [·] [0.4, 0.9] [0.4, 0.9]
Teacher mask ratio rT ∈ [·] [0.1, 0.6] [0.1, 0.6]
Ratio coupling factor u U(0.3, 0.7) U(0.3, 0.7)

Data:
Dataset – OpenCodeInstruct GSM8K
Training samples – 190K 7,473

Table F.1: Training hyperparameters and notation.

Inference hyperparameters. Table F.2 summarizes all inference hyperparameters with their symbols 1326

matching the notation in Sect. 3.2. 1327

Hyperparameter Symbol Value

CAD Decoding:
Confidence threshold γconf 0.95
Min tokens per step kmin 1
Max tokens per step kmax 32
EOS blocking ratio βEOS 0.3
Max generation budget Lgen 256
Max NFE Smax 512

Block Diffusion:
Block size b 32/256

Sampling:
Temperature (pass@1) τsamp 0
Temperature (pass@5) τsamp 1.0

Fixed-Step Baseline:
Diffusion steps T 256

Table F.2: Inference hyperparameters for CAD decoding.
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G Ablation Study1328

To disentangle the contributions of the proposed1329

training and decoding components, we conduct1330

a comprehensive ablation study. Although our1331

main distillation experiments focus on code gen-1332

eration, we select GSM8K as the primary testbed1333

for this analysis. GSM8K problems induce longer1334

chain-of-thought sequences, making decoding ar-1335

tifacts easier to diagnose, and reasoning accuracy1336

is highly sensitive to partial errors. To ensure a1337

strictly fair comparison regarding model capacity,1338

we introduce an SFT baseline trained on the same1339

GSM8K dataset using full fine-tuning, identical to1340

our DSCD training configuration. This allows us to1341

isolate the impact of the distillation objective from1342

the benefits of standard supervised learning.1343

G.1 Effectiveness and Efficiency Analysis1344

Table G.1 presents the quantitative results. We1345

draw two key conclusions regarding the superiority1346

of DSCD over standard SFT:1347

1. DSCD is essential for Global Denoising (Va-1348

lidity). In the local regime (b=32), both SFT and1349

DSCD perform comparably to the teacher, as the1350

denoising task is relatively simple. However, the1351

distinction becomes evident in the global regime1352

(b=256). The SFT baseline fails to adapt to the1353

diffusion generation process, improving accuracy1354

only marginally from 13.8% (Teacher) to 21.9%.1355

In contrast, DSCD significantly boosts accuracy to1356

54.8%. This implies that standard supervised learn-1357

ing captures the data distribution but fails to learn1358

the many-to-many dependency structure required1359

for long-range parallel decoding.1360

2. DSCD unlocks Aggressive Acceleration (Ef-1361

ficiency). Comparing the accelerated settings re-1362

veals that our training objective is crucial for the1363

stability of CAD. While SFT + CAD provides a1364

3.13× speedup, its accuracy collapses to 38.2% at1365

b=256, indicating that the SFT model lacks cali-1366

brated confidence scores to guide the drafting pro-1367

cess. Conversely, DSCD + CAD maintains high1368

robustness (54.7%) while achieving a significantly1369

higher speedup of 4.91×. This demonstrates that1370

DSCD not only improves generation quality but1371

also aligns the model’s internal confidence with1372

the decoding policy, enabling faster convergence1373

without error propagation.1374

G.2 Analysis of EOS Blocking: Structural 1375

Regularization vs. Intrinsic Learning 1376

A recurring failure mode of pure diffusion decoding 1377

with long generation lengths is premature collapse 1378

to <EOS>, producing extremely short, repetitive out- 1379

puts. In our setting, this pathology is severe for 1380

fixed decoding at full-sequence length (b=256): 1381

Without intervention, 99.8% of samples terminate 1382

within the first 64 tokens. 1383

The implicit containment effect. Interestingly, 1384

for small blocks (b=32), disabling EOS blocking 1385

has negligible impact (77.4% vs. 77.6%). We at- 1386

tribute this to an implicit containment effect: Since 1387

decoding is localized to 32 positions, an early 1388

<EOS> prediction cannot globally terminate the se- 1389

quence. Subsequent blocks are still initialized as 1390

masks and denoised independently, effectively act- 1391

ing as a structural barrier against error propaga- 1392

tion. 1393

Decoupling defense mechanisms. The contrast 1394

becomes clear at full-sequence length (b=256). 1395

While explicit EOS blocking (via CAD) substan- 1396

tially reduces early termination and recovers accu- 1397

racy to 32.7%, combining it with DSCD further 1398

boosts accuracy to 54.7%. These results indicate 1399

that EOS blocking and distillation address orthogo- 1400

nal layers of the failure mode: 1401

• Inference-time constraint: EOS blocking 1402

acts as a hard guardrail, mechanically prevent- 1403

ing termination before sufficient content is 1404

generated. 1405

• Intrinsic reshaping: DSCD fundamentally 1406

alters the student’s denoising behavior. Un- 1407

like the baseline, the distilled model learns 1408

to assign a lower probability mass to <EOS> 1409

during high-noise states, intrinsically favoring 1410

the completion of reasoning chains. 1411

Impact of confidence ranking. To validate our 1412

scoring mechanism, we replace confidence-ranked 1413

token finalization with uniform random selec- 1414

tion. This causes a sharp accuracy drop (77.6%→ 1415

50.6%) and increases NFE (76.3→ 202.2). This 1416

result confirms that which tokens are finalized is 1417

critical: Confidence ranking is essential for accel- 1418

erating diffusion without derailing the generation 1419

trajectory. 1420
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Configuration Block Size Acc (%) Avg. NFE ↓ Speedup ↑

LLaDA-8B-Instruct (Teacher) 32 77.4 256.0 1.00×
LLaDA-8B-Instruct (Teacher) 256 13.8 256.0 1.00×

Component Analysis:
+ SFT only (fixed decode) 32 77.6 256.0 1.00×
+ DSCD only (fixed decode) 32 78.3 256.0 1.00×
+ CAD only (no distill) 32 77.4 98.8 4.01×
+ SFT + CAD 32 77.6 95.4 4.15×
+ DSCD + CAD (Ours) 32 77.6 76.3 5.18×
+ SFT only (fixed decode) 256 21.9 256.0 1.00×
+ DSCD only (fixed decode) 256 54.8 256.0 1.00×
+ CAD only (no distill) 256 32.7 130.5 3.07×
+ SFT + CAD 256 38.2 128.1 3.13×
+ DSCD + CAD (Ours) 256 54.7 80.6 4.91×

CAD Ablations (w/ DSCD):
w/o confidence ranking 32 50.6 202.2 1.98×
w/o EOS blocking 32 77.4 76.3 5.18×

CAD Ablations (w/o DSCD):
w/o EOS blocking 256 5.6 123.7 3.21×

Table G.1: Comprehensive ablation study on GSM8K (Lgen = 256). We evaluate two regimes: block diffusion
(b=32, local denoising) and pure diffusion (b=256, global denoising). SFT baselines use full fine-tuning on the
same data to serve as a direct control group for our distillation method. Unless otherwise stated, fixed decoding uses
NFE= 256.

G.3 Stability Analysis of Teacher-Subset1421

Masking1422

We explicitly investigate the necessity of the1423

teacher-subset constraint (MT ⊆ MS) proposed1424

in Sect. 3.1. In our preliminary experiments, we1425

attempted to train the student using independent1426

masking schedules, whereMT andMS are sam-1427

pled independently. We observed that this config-1428

uration leads to severe numerical instability: The1429

training loss frequently diverges, manifesting as1430

gradient NaN within the first epoch.1431

This empirical collapse validates our theoretical1432

variance analysis in Appendix D. Under indepen-1433

dent masking, the teacher often lacks access to1434

tokens visible to the student (i.e.,MS \MT ̸= ∅),1435

causing it to marginalize over these “blind” po-1436

sitions. This introduces extreme variance in the1437

distillation targets, destabilizing the gradient esti-1438

mator. Consequently, we conclude that the strict1439

subset constraint is not merely a theoretical prefer-1440

ence for variance reduction, but a practical prereq-1441

uisite for the convergence of discrete consistency1442

distillation.1443

H Additional Experimental Analysis 1444

H.1 Pareto-optimal trade-off 1445

To verify that these gains are not artifacts of a spe- 1446

cific parameter setting, Fig. H.1 illustrates the full 1447

accuracy-efficiency frontier on GSM8K by sweep- 1448

ing the confidence threshold γconf ∈ [0.85, 0.99]. 1449

This analysis reveals the controllability and robust- 1450

ness of our approach: 1451

• Strict dominance: As shown in Fig. H.1, our 1452

curves (colored lines) consistently lie above 1453

the baseline trajectory (dashed gray). This 1454

implies a strict Pareto improvement: For any 1455

target accuracy, our method reduces NFE. 1456

• Flexible deployment: The convex hull 1457

formed by our method enables users to seam- 1458

lessly trade compute for quality. A lower 1459

threshold (γconf = 0.85, light blue line) offers 1460

aggressive speedups for latency-critical sce- 1461

narios. Conversely, a conservative threshold 1462

(γconf = 0.99, purple line) prioritizes max- 1463

imum quality. Our default setting (γconf = 1464

0.95) strikes a strong balance, requiring ≈ 1465
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Figure H.1: Accuracy-compute Pareto frontier on GSM8K. The dashed gray curve represents the LLaDA
baseline. Strict Dominance: Our method (solid curves) consistently pushes the frontier upwards and leftwards.
The orange arrow highlights our selected operating point (γconf = 0.95, dark blue curve), which achieves a 3.4×
speedup while maintaining accuracy comparable to the baseline. While a higher threshold (γconf = 0.99) prioritizes
quality, γconf = 0.95 strikes an optimal efficiency-quality balance.

3.4× smaller NFE to reach comparable accu-1466

racy (NFE ratio) and identifying the elbow of1467

the accuracy-compute curve.1468

This confirms that the reported speedups are not1469

artifacts of hyperparameter tuning, but a systemic1470

advantage of confidence-adaptive allocation.1471

H.2 Adaptive compute allocation1472

Fig. H.2 visualizes the NFE density. The distri-1473

butions reveal that our method acts as a probe for1474

intrinsic task complexity: GSM8K exhibits a sharp,1475

low-variance peak (µ = 76.3), reflecting high1476

model confidence, whereas MATH500 displays a1477

broad, heavy-tailed distribution (µ = 148.3), adapt-1478

ing to diverse problem difficulties. Crucially, the1479

distributions strictly deviate from the fixed baseline1480

budget (gray lines), indicating that standard diffu-1481

sion decoding is systematically over-parameterized.1482

Our method successfully reclaims this redundancy,1483

terminating well before the fixed limit even for the1484

hardest “tail” samples.1485

H.3 LLM as a Judge Prompt and Generation1486

Examples1487

To ensure a rigorous and reproducible evaluation1488

of generation quality, we employed a strict “LLM-1489

as-a-Judge” protocol using Qwen3-1.7B. Unlike1490

standard scoring prompts that directly request a 1491

number, our system prompt for text-quality eval- 1492

uation (presented ahead) enforces a “Think-Then- 1493

Score” mechanism. It explicitly instructs the model 1494

to reason silently about artifacts, such as stuttering, 1495

logical jumps, and formatting noise, before acting 1496

as a strict parser to output the final scores. We 1497

focus on three orthogonal dimensions: Fluency, 1498

Repetition, and Structural Coherence and scores 1499

these dimensions with a 1-5 scale. 1500

Below, we provide qualitative comparisons be- 1501

tween our method and the LLaDA baseline. For 1502

these examples, the generation canvas length was 1503

set to Lgen = 128; the LLaDA baseline utilized a 1504

fixed schedule of 32 steps (decoding 4 tokens per 1505

step), whereas our method adaptively converged 1506

in 29 steps. As shown in Example 1, our model 1507

produces coherent chain-of-thought reasoning with 1508

clean formatting. In contrast, Example 2 illustrates 1509

typical failure modes of fixed-step diffusion de- 1510

coding, where the baseline suffers from severe to- 1511

ken repetition (e.g., “fresh duck fresh egg”) and 1512

arithmetic hallucinations, resulting in significantly 1513

lower judge scores. 1514

Detailed Score Breakdown 1515

Table H.1 summarizes the quantitative results 1516

across the full test set. Notably, the Repetition 1517
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Figure H.2: Per-sample compute allocation under adaptive decoding. Histograms show the NFE distribution
across test instances for GSM8K, MATH500, MBPP, and HumanEval using our adaptive decoding approach. The
dashed vertical line marks the mean NFE (µ), while the solid vertical line indicates the fixed NFE used by the
baseline decoder (256 for GSM8K/MBPP/HumanEval and 512 for MATH500). Most samples terminate far earlier
than the fixed-budget baseline, explaining the large reductions in average NFE reported in Tables 1, 2, and 3.

score sees the largest gain (+0.76), confirming that1518

our method effectively suppresses the “stuttering”1519

artifacts common in low-NFE generation.1520

Dimension LLaDA-8B-Ins Ours
Fluency (1-5) 3.96 (± 1.28) 4.56 (± 0.79)
Repetition (1-5) 3.68 (± 1.51) 4.44 (± 0.98)
Structure (1-5) 4.04 (± 1.22) 4.64 (± 0.67)
Avg. 3.90 (± 1.32) 4.54 (± 0.48)

Table H.1: Quantitative evaluation of generation
quality on GSM8K.

Example 1: High-Quality Generation (Ours)1521

Question: Janet’s ducks lay 16 eggs per day. She eats
three for breakfast every morning and bakes muffins
for her friends every day with four. She sells the
remainder at the farmers’ market daily for $2 per
fresh duck egg. How much in dollars does she make
every day at the farmers’ market?
Generated Answer:
Janet eats 3 eggs per day = <<3*1=3>>3
eggs for breakfast. She bakes 4 eggs
per day = <<4*1=4>>4 eggs for her friends.
She sells 16 - 3 - 4 = <<16-3-4=9>>9 eggs
at the farmers' market each day. She sells
9 eggs at the farmers' market for $2 per egg.
Thus, she makes 9 * $2 = $<<9*2=18>>18
every day at the farmers' market. #### 18

LLM Judge: {"Fluency": 5, "Repetition": 5,
"Structure": 4, "Average": 4.67}

1522

Example 2: Low-Quality Generation (LLaDA) 1523

Question: Janet’s ducks lay 16 eggs per day. She eats
three for breakfast every morning and bakes muffins
for her friends every day with four. She sells the
remainder at the farmers’ market daily for $2 per
fresh duck egg. How much in dollars does she make
every day at the farmers’ market?
Generated Answer:
Janet eats ducks lay three eggs every
breakfast and four eggs for her friends
friends every day totaling 3 + 4 =
<<3+4=7>>7 eggs.\nJanet’s ducks lay 16
eggs to sell the market but after eating
and bakes with 7 she has she has 16 - 7 =
<<16-7=9>>9 eggs to sell at the farmers''
market.\nShe sells each fresh duck fresh
egg for $2 so 9 * $2 = $<<9*2=18>>18 every
day day at the farmers' market.\n#### 18

LLM Judge: {"Fluency": 3, "Repetition": 3,
"Structure": 4, "Average": 3.33}

1524

H.4 Unmasking Analysis 1525

To investigate the generation mechanism of 1526

CD4LM, we visualize the step-wise unmasking tra- 1527

jectory for a representative code generation exam- 1528

ple (presented ahead) from the HumanEval bench- 1529

mark in Fig. H.3. The heatmap color-codes the 1530

decoding step at which each token is finalized (com- 1531

mitted), ranging from blue (early steps, 0 ∼ 10) to 1532

red (late steps, 30 ∼ 47). 1533

The visualization reveals that our CAD policy 1534
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enables spontaneous emergence of a hierarchical1535

generation strategy, structurally distinct from the1536

linear order of autoregressive models:1537

• Phase I: Syntactic scaffolding (blue/green).1538

In the initial steps, the model prioritizes1539

structural tokens with global receptive fields.1540

Python keywords (def, if, return), function1541

signatures, and control flow indentations are1542

consistently unmasked first. This indicates1543

that the model establishes a high-confidence1544

syntactic scaffold early in the process, effec-1545

tively reducing the search space for subse-1546

quent tokens.1547

• Phase II: Logical refinement (yellow/red).1548

Once the structure is fixed, the model focuses1549

its compute budget on high-entropy positions.1550

Complex arithmetic expressions (e.g., length1551

= end - start + 1) and conditional predi-1552

cates (e.g., if n % i == 0) appear in warmer1553

colors, indicating they are refined much later.1554

Crucially, these tokens are denoised condition-1555

ing on the already-visible syntactic context1556

from Phase I.1557

This distinct temporal separation confirms that1558

CD4LM does not merely memorize sequences but1559

learns to decouple global structural planning from1560

local logical execution. By deferring uncertain to-1561

kens, CAD automatically allocates more denoising1562

steps to the most difficult parts of the reasoning1563

chain, explaining the efficiency gains observed in1564

Sect. 4.1565

30



Code Generation Example

Task:
def intersection(interval1, interval2):
"""
You are given two intervals, where each interval is a pair of integers.
For example, interval = (start, end) = (1, 2). The given intervals are closed,
which means that the interval (start, end) includes both start and end.
For each given interval, it is assumed that its start is less than or equal to its end.
Your task is to determine whether the length of intersection of these two intervals
is a prime number. Example: the intersection of the intervals (1, 3), (2, 4) is (2, 3)
whose length is 1, which is not a prime number. If the length of the intersection
is a prime number, return "YES", otherwise, return "NO".
If the two intervals don't intersect, return "NO".
[input/output] samples:
intersection((1, 2), (2, 3)) ==> "NO"
intersection((-1, 1), (0, 4)) ==> "NO"
intersection((-3, -1), (-5, 5)) ==> "YES"
"""

Generated Code:
def is_prime(n):

"""Check if a number is prime."""
if n <= 1:

return False
if n <= 3:

return True
if n % 2 == 0 or n % 3 == 0:

return False
i = 5
while i * i <= n:

if n % i == 0 or n % (i + 2) == 0:
return False

i += 6
return True

def intersection(interval1, interval2):
"""Determine if the length of the intersection of two intervals is a prime number."""
start1, end1 = interval1
start2, end2 = interval2

if start1 <= end2 and start2 <= end1:
start = max(start1, start2)
end = min(end1, end2)

length = end - start + 1

if is_prime(length):
return "YES"

else:
return "NO"

else:
return "NO"
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``` python

def  is _prime (n ):

    """ Check  if  a  number  is  prime ." ""

    if  n  <=  1:

        return  False

    if  n  <=  3:

        return  True

    if  n  % 2  ==  0  or  n  % 3  ==  0:

        return  False

    i  = 5

    while  i  *  i  <=  n:

        if  n  %  i  ==  0  or  n  %  (i + 2)  ==  0:

            return  False

        i  +=  6

    return  True

def  intersection ( interval 1,  interval 2):

    """ Determine  if  the  length  of  the  intersection  of  two  intervals  is  a  prime

 number ." ""

    start 1,  end 1 =  interval 1

    start 2,  end 2 =  interval 2

    

    if  start 1  <=  end 2  and  start 2  <=  end 1:

        start  =  max (start 1,  start 2)

        end  =  min (end 1,  end 2)

        

        length  =  end  -  start  + 1

        

        if  is _prime (length ):

            return  " YES "

        else :

            return  " NO"

    else :

        return  " NO"

```
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Figure H.3: Visualization of hierarchical generation dynamics. Unlike autoregressive models that generate
sequentially, CD4LM exhibits a “skeleton-first” strategy: Syntactic structures (blue, early steps) are established first
to form a global plan, while complex logical details (red, late steps) are refined later within the established context.
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System Prompt for Text-Quality Evaluation

Role: You are a STRICT text-quality scorer (long-context verifier). Evaluate ONLY on three dimensions: Fluency, Repetition,
Structural Coherence. Treat equations, numbers, and symbols as plain text. Ignore factual correctness.
THINK-THEN-SCORE (important):
• First, REASON SILENTLY: derive evidence and compute micro-scores per dimension IN YOUR HEAD. Do NOT reveal any rationale

or intermediate text.
• Then, produce the FINAL JSON (single line) as specified below.

STRICT OUTPUT CONTRACT (hard constraints):
• Your ENTIRE reply MUST be EXACTLY ONE line containing ONLY a tagged JSON object:

<JSON>"fluency":"score":N,"repetition":"score":N,"structural_coherence":"score":N</JSON>

• Where N are integers in [1,5]. Keys MUST match exactly; the JSON MUST be valid & minified.
• No prose, no markdown, no code fences, no extra spaces/newlines before/after the tag.
• If you cannot comply, output EXACTLY: <JSON>{"error":"FORMAT"}</JSON>.

SCORING VIEWS & AGGREGATION (for robustness in long contexts):
• For EACH dimension, privately compute 3 micro-scores (views) and average → round to nearest integer, then apply the CAPS

below. (Do NOT print micro-scores.)
• Fluency views: grammar, clarity, readability/flow.
• Repetition views: identical-token runs, dense short-fragment recurrence, overall readability impact.
• Structural Coherence views: organization, transitions, narrative completeness.

CAPS / HARD RULES (apply AFTER averaging; lowers over-optimistic scores):
Repetition:

• If ≥ 1 run of ≥ 3 identical tokens exists more than once → repetition ≤ 3.
• If frequent runs OR dense fragment recurrences harm readability → repetition ≤ 2.

Structural Coherence:
• If > 60% of lines are bare calculations/symbols with little connective prose → coherence ≤ 2.
• If the answer is very short (< 20 tokens) → coherence ≤ 3 unless obviously well-structured.

Fluency:
• If pervasive grammatical errors/choppy telegraphic style hinder comprehension → fluency ≤ 2.

STRICTNESS + FORMAT SENSITIVITY (apply BEFORE final JSON):
• Start each dimension at 3; raise to 4 or 5 ONLY when there is explicit evidence of excellent writing that meets the

top-tier rubric. When in doubt, stay at 3.
• If the response contains ≥ 3 blank lines or double-newline spacing between most sentences, treat the flow as fragmented

→ structural_coherence ≤ 3, and fluency ≤ 3 unless the prose still reads seamlessly.
• Heavy formatting noise (raw LaTeX delimiters such as \[, $$, \begin{align}, Markdown tables/lists, or numbered steps that

merely restate facts) disrupts readability → cap fluency at 3 and structural_coherence at 3.
• Short filler sentences that repeat the same idea without advancing the solution lower structural_coherence by at least 1

point and may also lower repetition.
• Concise single-block reasoning with minimal padding and no formatting noise may still earn 4–5 when it is genuinely smooth

and well-ordered.

DETAILED RUBRICS (1=worst, 5=best):
Fluency (grammar/clarity/readability; ignore factuality)

• 5: Nearly error-free; clear sentences; natural flow; varied syntax; no distracting formatting noise.
• 4: Minor issues but clear overall; formatting and spacing remain unobtrusive.
• 3: Noticeable errors/awkward phrasing or spacing quirks mildly impede flow.
• 2: Frequent errors or choppy style hinder comprehension.
• 1: Very poor grammar/word salad; hard to understand.

Repetition (penalize meaningless identical-word/span loops; DO NOT penalize necessary reuse of terms/digits/operators)
• Definitions:

– run = ≥ 3 identical tokens in a row (e.g., “eggs eggs eggs”).
– dense fragment recurrence = the same 2–5 word fragment appears many times within a short span.

• 5: No runs; only natural reuse; zero filler restatements.
• 4: One short run OR a few mild recurrences; readability intact with minimal filler.
• 3: Multiple short runs OR several recurrences; still readable but noticeably repetitive.
• 2: Frequent runs OR dense recurrences that harm readability.
• 1: Heavy looping/spam; large stretches of repeated tokens/fragments.

Structural Coherence (organization/flow; NOT correctness of content/math)
• Heuristics (apply flexibly, not mechanically):

– Enumerated steps or clear transitions raise coherence.
– Mostly raw calculations/symbols lower coherence.
– Very short answers rarely justify 5 unless clearly structured.

• 5: Well-organized narrative/steps with clear transitions; tight paragraphing without stray blank lines.
• 4: Generally organized; minor jumps but understandable; spacing supports the flow.
• 3: Mixed; some organization but noticeable gaps/abrupt jumps or distracting spacing.
• 2: Mostly disorganized or just raw calculations; hard to follow.
• 1: No discernible structure; fragments/out-of-order snippets.

FINAL SELF-CHECK (internal; do NOT print):
• Apply CAPS after averaging the three views per dimension.
• Check for ≥ 3-in-a-row runs or dense recurrences before setting repetition.
• If > 60% lines are bare calculations, enforce coherence ≤ 2.
• Ensure the three scores are mutually consistent with rubrics.

Few-shot Examples (STRICT single-line JSON only):
Example 1 (high quality, no repetition)
Student Answer:
Janet sells 16 - 3 - 4 = «16-3-4=9»9 duck eggs a day. She makes 9 * 2 = $«9*2=18»18 every day at the farmer’s market. ####
18.
Expected Output:
<JSON>"fluency":"score":5,"repetition":"score":5,"structural_coherence":"score":5</JSON>
Example 2 (moderate repetition)
Student Answer:
Janet’s ducks lay eggs eggs per day for which.6 eats «3 eggs +4 eggs = «3 eggs=16»16 eggs... friends friends friends...
She sells sells sells the remainder... daily day... 16 - 7 = «16-7=9»9... She sells... fresh fresh fresh... makes makes
makes...
Expected Output:
<JSON>"fluency":"score":3,"repetition":"score":2,"structural_coherence":"score":3</JSON>
Example 3 (extreme repetition)
Student Answer:
Janet eats eggs eggs eggs breakfast breakfast breakfast br...eakfast eats eats eats breakfast breakfast breakfast ... ####
18
Expected Output:
<JSON>"fluency":"score":1,"repetition":"score":1,"structural_coherence":"score":1</JSON>
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