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Abstract001

Autoregressive (AR) language modeling re-002
mains the dominant paradigm due to its dense003
supervision signal and highly optimized serv-004
ing infrastructure, but its strictly causal, token-005
by-token decoding limits parallelism and non-006
causal modeling. While masked diffusion of-007
fers a promising path toward parallel genera-008
tion, it faces two critical bottlenecks: train-009
ing inefficiency stemming from sparse masked010
objectives, and high latency caused by itera-011
tive whole-sequence denoising. We present a012
systematic study of blockwise discrete diffu-013
sion, a pragmatic middle ground that preserves014
AR-compatible serving while enabling paral-015
lel intra-block generation. Our study proceeds016
in four steps: (i) a controlled, compute- and017
scale-matched comparison revealing that AR018
is a more effective backbone for blockwise hy-019
brids than masked diffusion objectives; (ii) a020
scalable conversion recipe, SDAR, validating021
that AR models spanning 1.7B to 30B parame-022
ters can be adapted into block diffusion models023
with minimal compute while preserving back-024
bone capabilities; and (iii) a systematic char-025
acterization of decoding dynamics, which re-026
veals a virtuous cycle where larger models en-027
able more aggressive parallel decoding, achiev-028
ing theoretical speedups over 5× and wall-029
clock speedups of 2.3× on H200 GPUs in030
latency-critical regimes; and (iv) an investiga-031
tion of local non-causal modeling capabili-032
ties, showing that SDAR’s local bidirectional033
attention overcomes causal bottlenecks in sci-034
entific domains (e.g., chemistry) and enables035
robust test-time scaling. We release the full036
model suite, the training framework, and our037
inference engines for further innovation in non-038
autoregressive generative paradigms.039

1 Introduction040

Large language models predominantly rely on the041

autoregressive (AR) paradigm, which factorizes042

joint probabilities via left-to-right next-token pre-043

diction (Bengio et al., 2003; Radford et al., 2019;044

Achiam et al., 2023; Guo et al., 2025). While 045

AR offers dense supervision signals and supports 046

deployment-critical features like KV caching, its 047

strictly sequential nature imposes two fundamen- 048

tal limitations. First, the token-by-token generation 049

creates a memory-bandwidth bottleneck, where de- 050

coding latency scales linearly with sequence length 051

regardless of compute capacity. Second, the unidi- 052

rectional commitment complicates tasks requiring 053

global planning or bidirectional reasoning, as the 054

model cannot revise earlier tokens based on future 055

context (Hu et al., 2023; Bachmann and Nagarajan, 056

2024; Liu et al., 2025). 057

Masked diffusion language models (MDLMs) 058

offer a compelling alternative by iteratively refin- 059

ing partially corrupted sequences, enabling bidi- 060

rectional context utilization and parallel genera- 061

tion (Li et al., 2025; Yu et al., 2025; Gulrajani and 062

Hashimoto, 2023). However, MDLMs face sub- 063

stantial friction in both training and inference. Un- 064

like the dense supervision of AR, MDLMs employ 065

ELBO masked objectives that provide sparse su- 066

pervision, leading to poor sample efficiency (Lou 067

et al., 2024; Nie et al., 2024; Arriola et al., 2025). 068

Furthermore, the absence ofKV caching and the re- 069

quirement for iterative whole-sequence denoising 070

often negate the theoretical speedups of parallel de- 071

coding, resulting in high wall-clock latency (Nie 072

et al., 2025; Ye et al., 2025). 073

Blockwise diffusion (BD) models seek to rec- 074

oncile these paradigms by decomposing genera- 075

tion hierarchically: a global AR structure pre- 076

serves KV-cache compatibility, while a local dif- 077

fusion process generates blocks of tokens in par- 078

allel (Han et al., 2022; Arriola et al., 2025; Fathi 079

et al., 2025). While theoretically promising, cur- 080

rent approaches necessitate expensive end-to-end 081

pretraining or heavy fine-tuning, often doubling 082

the compute cost relative to standard AR base- 083

lines. To make this hybrid paradigm practically 084

viable, we propose SDAR, a streamlined recipe 085
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that decouples backbone pretraining from diffu-086

sion adaptation. SDAR treats blockwise diffusion087

as a lightweight capability extension, converting088

pretrained AR models into block-parallel gener-089

ators via a short continued-training phase rather090

than a full retraining.091

Guided by this pragmatic perspective, our study092

unfolds progressively. We begin by establishing093

AR, rather than MDLM, as the optimal backbone094

for hybrid modeling via controlled initialization ex-095

periments. This foundation enables us to introduce096

the SDAR conversion recipe, verifying its scalabil-097

ity from 1.7B to 30B parameters. We character-098

ize the decoding dynamics, analyzing how model099

size and entropy shape the parallel generation pro-100

cess that ultimately determines both theoretical ef-101

ficiency and wall-clock latency. Finally, we exam-102

ine this paradigm in structured scientific domains103

and in test-time scaling settings.104

Our contributions are summarized as follows:105

• Establishing AR as the optimal backbone106

for blockwise diffusion. We demonstrate107

that AR NTP objective is significantly more108

efficient than masked diffusion objectives,109

providing a superior and cheaper initializa-110

tion for hybrid models.111

• SDAR: A scalable AR-to-BD conversion112

recipe. We introduce a recipe that con-113

verts AR models (spanning 1.7B to 30B) into114

BD models with minimal compute. Cru-115

cially, this method retains the AR’s capabil-116

ities while enabling parallel decoding.117

• Charting the quality-latency frontier. We118

reveal a virtuous cycle of scaling where119

larger models enable faster parallel decoding,120

achieving up to 5× theoretical and 2.3×wall-121

clock speedups in latency-sensitive regimes.122

• Unlocking local bidirectional reasoning.123

We show that SDAR’s intra-block bidirec-124

tional attention overcomes the limitations125

of causal masking in structured scientific126

tasks and enables robust test-time scaling,127

where the model’s inherent stochasticity sig-128

nificantly boosts reasoning accuracy.129

We release the model suite, training framework,130

and inference engines to facilitate further research131

into non-autoregressive generation paradigm.132

2 Preliminaries: Language Modeling 133

Paradigms 134

We review autoregressive (AR), masked diffusion 135

(MDLM), and block diffusion (BD)models. Given 136

a vocabulary V of size V , let x = (x1, . . . , xL) 137

denote a sequence of length L, where each token 138

xℓ ∈ V has a one-hot representation xℓ ∈ {0, 1}V . 139

Let Cat(·; p) be a categorical distribution parame- 140

terized by probabilities p. We abbreviate expecta- 141

tions as follows: 142

Ex0,t[·] := Ex0∼pdata, t∼U(0,1), xt∼q(xt|x0)[·], (1) 143

Ex,b,t[·] := Ex∼pdata, b∼U [1,B], t∼U(0,1)[·]. (2) 144

where t is drawn uniformly from (0, 1] and b in- 145

dexes a block in BD models. 146

2.1 Autoregressive Models 147

AR models decompose the sequence probability 148

via the chain rule. Training minimizes the negative 149

log-likelihood (NLL) for next-token prediction: 150

LAR(θ) = Ex

[
−

L∑
ℓ=1

log pθ(xℓ | x<ℓ)
]
, (3) 151

where x<ℓ = (x1, . . . , xℓ−1) denotes the history. 152

This factorization requires L sequential steps to 153

sample a sequence, creating a latency bottleneck. 154

2.2 Masked Diffusion Language Models 155

MDLM learns to reverse a token-wise corruption 156

process (Austin et al., 2021a). Letting M (the 157

[MASK] token) denote the absorbing token with 158

one-hot vector m, the forward process is given by: 159

q(xℓt | xℓ0) = Cat
(
xℓt; αtxℓ0 + (1− αt)m

)
, (4) 160

where αt is a predefined noise schedule. 161

The generativemodel pθ is trained to reverse this 162

corruption by minimizing the negative evidence 163

lower bound (NELBO), yielding a reweighted 164

cross-entropy loss: 165

LDiff(θ) = Ex0,t

[
− 1

t

∑
ℓ∈Mt

log pθ(xℓ0 | xt)
]
, (5) 166

where Mt denotes masked tokens and the weight 167

1/t derives from the linear scheduleαt = 1−t (Nie 168

et al., 2025; Ye et al., 2025). Compared to the 169

AR objective, Eq. (5) computes the loss solely over 170

masked tokens and optimizes a loose NLL bound. 171
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Figure 1: Overview of the SDAR paradigm. We first pre-train a standard ARmodel with the NTP objective. We then
continue training under a blockwise causal attention mask and the blockwise diffusion loss in Eq. (7), converting
the model into a blockwise diffusion language model using only 50B additional tokens.

2.3 Block Diffusion Language Models172

BD models are introduced to enable variable-173

length generation and efficient KV caching (Han174

et al., 2022; Arriola et al., 2025). Partitioning x175

into B blocks x1, . . . , xB of length L′, the model176

factorizes the sequence probability over blocks:177

log pθ(x) =
B∑
b=1

log pθ(xb | x<b), (6)178

where x<b denotes preceding clean blocks. Each179

conditional pθ(xb | x<b) is modeled as a MDLM.180

Applying the masking strategy in Eq. (4) yields the181

expected block-wise conditional NELBO:182

LBD(θ) = Ex,b,t

[
−1
t

∑
ℓ∈Mb

t

log pθ(xb,ℓ0 | xbt , x<b)

]
,

(7)183

where xbt is the noised version of block b, and Mb
t184

is the set of masked positions in block b at noise185

level t. The model learns to reconstruct each clean186

block xb from its corrupted counterpart xbt , condi-187

tioned on the preceding context x<b.188

3 Method: The SDAR Paradigm189

SDAR does not redesign BD; it makes BD practi-190

cal on strong AR backbones via short continued191

training, leaving most compute to standard AR192

training. Figure 1 shows a schematic overview.193

Stage (i) trains a standard model θAR trained with194

NTP objective in Eq. (3). Stage (ii) converts it to a195

BD model θSDAR by modifying only the attention196

mask and training objective. Inference uses BD de-197

coding atop the θSDAR (§3.2).198

3.1 Conversion Training 199

From AR to BD Our recipe converts a pre- 200

trained AR model θAR by systematically modify- 201

ing both the data pipeline and the training objective. 202

We first corrupt the input sequence x by masking 203

a subset of tokens based on a uniformly sampled 204

time t (Eq. (4)). As visualized in Figure 1, these 205

perturbed sequences are concatenated with their 206

clean counterparts, governed by a hybrid atten- 207

tion mask that enforces inter-block causality while 208

permitting intra-block bidirectional attention. Un- 209

der this modified setup, the model is continued- 210

trained by switching the objective from standard 211

NLL (Eq. (3)) to the diffusion NELBO (Eq. (7)). 212

Training Recipes Our pipeline entails a two- 213

stage regime: Continued Pre-training (CPT) and 214

Supervised Fine-tuning (SFT). CPT first adapts the 215

AR model to the parallel decoding nature of dif- 216

fusion models. Building on this aligned represen- 217

tation, SFT focuses on unlocking capabilities for 218

complex tasks such as CoT reasoning. During SFT, 219

we adopt a response-only corruption strategy, treat- 220

ing prompts as fixed conditions to maximize the 221

likelihood of the response given the instruction. 222

3.2 Hierarchical Inference with SDAR 223

As illustrated in Figure 5, the generation process is 224

hierarchical: autoregressive over blocks and non- 225

autoregressive within each block. We begin with a 226

standard prefill pass using a blockwise causal at- 227

tention mask to populate the KV cache. Subse- 228

quently, blocks x1, x2, . . . are generated sequen- 229

tially via MDLM decoding. Crucially, the current 230

block attends to the KV cache of preceding blocks 231
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but does not update the cache until it is finalized,232

preserving the blockwise causal attention pattern.233

To manage the intra-block decoding trajectory, we234

adopt confidence-based schedules to decide how235

many tokens to finalize at each denoising step:236

• Static schedule: For a block of size L′ and237

T steps, we finalize exactly ⌈L′/T ⌉ masked238

positions with the highest confidence (max-239

imum probability) at each step, yielding a240

fixed T forward passes per block.241

• Dynamic schedule: Given a confidence242

threshold τ ∈ (0, 1), we finalize masked posi-243

tions whose probability exceeds τ , while en-244

forcing a minimum number of finalized posi-245

tions per step to guarantee progress.246

Implementation details of our production-ready in-247

ference engine are provided in Appendix B.2.248

4 Experimental Overview249

We structure our experiments into four parts that250

progressively demonstrate the advantages, scalabil-251

ity, and unique capabilities of SDAR. More imple-252

mentation details are provided in Appendix C.253

Study I: Paradigm Foundations and Training254

Efficiency We establish the optimal backbone255

for hybrid modeling through a controlled 2B-256

parameter study. We train AR and MDLM model257

from scratch using an identical 1T-token corpus258

and a 4k context length. We apply a 100B-token an-259

nealing phase to generate blockwise variants (AR-260

BD and MDLM-BD) with a block size of 16, fol-261

lowed by SFT on a 4B-token dataset. This setup262

verifies that AR provides a more compute-efficient263

foundation for block diffusion than MDLM.264

Study II: Scalability and Efficiency of SDAR265

Adaptation Building on above foundations, we266

validate the scalability of our recipe by applying it267

to the Qwen3 family across 1.7B, 4B, 8B, and 30B-268

A3B. For adaptation, we employ a computation-269

ally efficient pipeline: a 50B-token Continued Pre-270

training (CPT) phase (sampled from the annealing271

dataset) with a 4k context length and a block size272

of L′ = 4, followed by the standard 4B-token SFT.273

This yields strictly matched AR-Chat and SDAR-274

Chat baselines to assess scaling laws.275

Study III: Systematics of Blockwise Diffusion276

Scaling We characterize inference dynamics us-277

ing themodels fromStudy II.We perform a system-278

atic sweep by expanding the block size during SFT279

with L′ ∈ {4, 8, 16, 32, 64} and evaluating both 280

static and dynamic decoding strategies (with con- 281

fidence thresholds τ ∈ {0.80, 0.85, 0.90, 0.95}). 282

We quantify algorithmic efficiency via Effective 283

Tokens per Forward pass (TPF) and validate wall- 284

clock throughput on our inference engine. 285

Study IV: Local Non-Causal Modeling Capa- 286

bilities We investigate the modeling benefits of 287

blockwise diffusion. We target scientific domains 288

to test whether SDAR’s local bidirectional at- 289

tention effectively captures non-causal structures 290

(e.g., molecular graphs). Starting from a science- 291

enhanced Qwen3-30B-A3B checkpoint, we train 292

matched AR-Sci and SDAR-Sci models on 50B 293

science tokens, followed by long-CoT SFT. This 294

validates structural modeling benefits and SDAR’s 295

compatibility with extended reasoning. 296

Evaluation Settings. In Studies I–III, we em- 297

ploy greedy decoding to ensure deterministic com- 298

parisons. In Study IV, we evaluate under both 299

greedy and sampling decoding to assess diversity 300

and test-time scaling. For SDAR, we report static 301

decoding results by default. Detailed descriptions 302

of the datasets and metrics used for each bench- 303

mark are provided in Appendix C. 304

5 Study I: Paradigm Foundations and 305

Training Efficiency 306

In this section, we investigate the fundamental 307

training efficiency of autoregressive (AR) and 308

masked diffusion (MDLM) paradigms. By strictly 309

controlling for model architecture, training data, 310

and compute budget (FLOPs), we isolate the im- 311

pact of the objective function on downstream per- 312

formance. Furthermore, we evaluate the efficacy 313

of these paradigms when serving as backbones for 314

blockwise diffusion. Table 2 presents the results of 315

our matched-compute 2B controlled study. 316

AR training is significantly more compute- 317

efficient. The AR baseline consistently outper- 318

forms MDLM, establishing a substantial lead on 319

logic-intensive tasks (e.g., MATH +17.3, Hu- 320

manEval +20.8). This gap stems from intrinsic ob- 321

jective differences: unlike AR’s dense supervision 322

on exact likelihood, MDLM optimizes a loose vari- 323

ational bound (NELBO) subject to train-inference 324

mismatch. Consequently, AR converts FLOPs into 325

capability more effectively than the sparse signals 326

provided by masked diffusion objectives. 327
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Table 1: Performance comparison of AR and SDARmodels. † indicates that the models are derived from the Qwen3
Base models via identical CPT and SFT. The best result within a given scale (e.g., 1.7B, 30B) is shown in bold.

Model AR-Chat Model SDAR-Chat Model
scale Qwen3-1.7B† Qwen3-4B† Qwen3-8B† Qwen3-30BA3B† SDAR-1.7B SDAR-4B SDAR-8B SDAR-30BA3B

Reasoning, Knowledge & Instruction Following

ARC-C 81.0 89.5 91.9 93.9 85.4 (+4.4) 90.5 (+1.0) 91.9 (0.0) 93.2 (-0.7)
TriviaQA 45.0 57.9 68.2 66.5 42.6 (-2.4) 57.2 (-0.7) 69.2 (+1.0) 75.9 (+9.4)
MMLU 63.8 74.8 77.5 82.2 62.9 (-0.9) 74.9 (+0.1) 78.6 (+1.1) 82.8 (+0.6)
MMLU-Pro 39.0 52.8 56.6 63.8 37.0 (-2.0) 50.9 (-1.9) 56.9 (+0.3) 61.5 (-2.3)
GPQA-diamond 28.6 31.4 37.0 37.3 29.8 (+1.2) 33.0 (+1.6) 40.2 (+3.2) 36.7 (-0.6)
IFEval 43.3 58.4 60.8 57.7 43.4 (+0.1) 56.6 (-1.8) 61.4 (+0.6) 60.6 (+2.9)

Mathematics

GSM8K 81.1 90.7 92.8 92.7 80.1 (-1.0) 89.9 (-0.8) 91.3 (-1.5) 91.4 (-1.3)
Math500 62.0 74.1 78.4 76.8 63.2 (+1.2) 72.8 (-1.3) 78.6 (+0.2) 77.8 (+1.0)
MathBench 60.5 70.6 73.5 78.4 63.6 (+3.1) 74.7 (+4.1) 76.9 (+3.4) 79.3 (+0.9)
AIME-24 7.1 12.9 10.0 15.4 10.0 (+2.9) 10.0 (-2.9) 10.0 (0.0) 16.7 (+1.3)
AIME-25 3.3 5.0 7.5 10.8 2.1 (-5.9) 7.5 (+2.5) 10.0 (+2.5) 10.8 (+0.0)
LMB-Hard 9.2 11.6 15.7 15.5 6.6 (-2.6) 6.9 (-4.7) 8.9 (-6.8) 13.7 (-1.8)

Code Generation

HumanEval 65.9 73.4 80.7 84.8 61.6 (-4.3) 72.8 (-0.6) 78.7 (-2.0) 87.2 (+2.4)
MBPP 61.9 67.1 75.1 75.1 61.1 (-0.8) 65.4 (-1.7) 72.0 (-3.1) 71.6 (-3.5)
HumanEval-X 47.0 60.9 63.5 63.5 45.2 (-1.8) 62.3 (+1.4) 64.9 (+1.4) 66.3 (+2.8)
LCB-v6 8.6 10.3 20.5 23.4 5.7 (-2.9) 13.1 (+2.8) 16.6 (-3.9) 21.7 (-1.7)

Language

MMMLU-lite 36.7 44.4 55.2 52.9 40.9 (+4.2) 50.7 (+6.3) 55.3 (+0.1) 57.2 (+4.3)
CMMLU 60.7 72.6 76.2 82.0 60.2 (-0.5) 71.3 (-1.3) 75.7 (-0.5) 81.0 (-1.0)

Table 2: Comparison of 2B models under matched
compute. AR significantly outperforms MDLM, while
AR-BD largely retains performance, validating AR as
the superior backbone for BD.

Benchmark AR MDLM AR-BD MDLM-BD
BBH 35.7 32.2 35.9 32.9
MMLU 48.7 47.0 50.9 47.5
MATH 29.9 12.6 26.8 23.3
GSM8K 61.8 57.9 59.4 64.7
HumanEval 42.1 21.3 40.0 39.0
MBPP 44.4 27.2 42.9 33.5
GPQA 26.3 26.3 28.2 29.8
Average 41.3 32.1 40.6 38.7

SDAR adaptation is nearly lossless. Convert-328

ing the AR backbone to BD (AR-BD) preserves329

the base model’s strong performance (40.6 vs. 41.3330

avg), with gains on knowledge-heavy benchmarks331

offsetting minor regressions in symbolic reason-332

ing. This confirms that pretraining with AR does333

not preclude diffusion-based decoding; rather, the334

generative mechanism can be effectively switched335

post-hoc with minimal adaptation cost.336

AR is the optimal initialization for block diffu-337

sion. AR-BD consistently outperforms MDLM-338

BD, confirming AR’s superior efficiency persists339

after conversion. Given the intrinsic inefficiency340

of native diffusion training, the optimal strategy is341

to decouple the paradigm—using AR for capabil-342

ity acquisition and adapting to diffusion post hoc.343

6 Study II: Scalability and Efficiency of 344

SDAR Adaptation 345

In this section, we validate the SDAR conversion 346

recipe across model sizes ranging from 1.7B to 347

30B parameters. We aim to verify whether the 348

blockwise diffusion adaptation preserves the gen- 349

eral capabilities of the AR backbone as model 350

size increases and whether this conversion remains 351

computationally efficient. 352

Scaling with Lossless Adaptation. Table 1 353

presents a comparison of SDAR against its AR pro- 354

genitors. We observe that SDAR exhibits robust 355

scaling laws, preserving the performance benefits 356

of the AR backbone across all model sizes. Cru- 357

cially, the conversion is largely lossless or even 358

accretive; at the 30B scale, SDAR achieves par- 359

ity with or surpasses the baseline on the majority 360

of benchmarks. Specifically, the model demon- 361

strates improvements in instruction following (IFE- 362

val: +2.9) and key coding and math evaluations 363

(e.g., HumanEval: +2.4, Math500: +1.0). This ca- 364

pability retention allows SDAR to significantly out- 365

perform native diffusion baselines (e.g., LLaDA) 366

as detailed in Appendix Table 5, validating the ef- 367

ficiency of our blockwise adaptation recipe. 368

Efficiency of the Conversion Recipe. SDAR is 369

exceptionally data-efficient. Unlike Dream (Ye 370

et al., 2025) which requires 580B tokens, our ap- 371
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Figure 2: Performance on various benchmarks as a function of architectural block size (L′) across different model
sizes and various confidence thresholds (τ ).

proach converges with only 50B tokens. Using372

under 1% of the original pretraining compute, it373

unlocks blockwise generation without degrading374

backbone capabilities. This establishes SDAR as a375

viable pathway for equipping large-scale AR mod-376

els with parallel decoding.377

7 Study III: Systematics of Blockwise378

Diffusion Scaling379

Having established the training efficiency of the380

AR backbone (Study I) and the SDAR scalability381

(Study II), we now characterize the inference dy-382

namics. We systematically analyze the interplay383

between model size (N ), block size (L′), and de-384

coding policy (static vs. dynamic). Our goal is to385

chart the Pareto frontier between generation qual-386

ity and latency, bridging theoretical algorithmic387

speedup with realized industrial throughput.388

7.1 Performance Analysis389

We first examine howmodel size influences robust-390

ness to parallelization. Figure 2 illustrates down-391

stream performance as a function of block size392

L′ ∈ {4, . . . , 64} across four model sizes.393

The Virtuous Cycle of Scaling. We observe a394

critical phase transition governed by model capac-395

ity. Smaller models (1.7B, 4B) are highly sensitive396

to block size, exhibiting sharp performance degra-397

dation for L′ > 8. In contrast, larger models (8B,398

30B) demonstrate significant robustness, maintain-399

ing AR-parity performance even at L′ = 32 or400

L′ = 64. This implies a virtuous cycle: larger 401

models possess stronger contextual modeling capa- 402

bilities, allowing them to cohere longer sequences 403

in parallel. Consequently, larger models not only 404

generate better text but effectively unlock larger 405

speedups by tolerating larger block sizes. 406

Non-Monotonic Performance and Inductive 407

Bias. Performance does not monotonically de- 408

cay with block size. On complex reasoning tasks 409

(e.g., GSM8K, MathBench), intermediate block 410

sizes (L′ ∈ {8, 16}) occasionally outperform short 411

blocks (L′ = 4). Moderate blockwise generation 412

introduces a beneficial inductive bias, encouraging 413

the model to plan locally coherent segments rather 414

than over-attending to immediate token-level prob- 415

abilities. Furthermore, larger models tolerate more 416

aggressive dynamic decoding thresholds (τ < 417

0.9), whereas smaller models require conservative 418

thresholds to avoid error propagation. 419

7.2 Algorithmic Efficiency Analysis 420

We quantify algorithmic efficiency using Effective 421

Tokens per Forward Pass (TPF), representing the 422

theoretical speedup upper bound per decoding step. 423

Figure 3 plots TPF against block size across scales. 424

Scale Reduces Entropy, Increasing Speed. A 425

counter-intuitive finding emerges: for a fixed block 426

size and threshold, larger models achieve higher 427

TPF. As illustrated in Figure 3, on datasets like 428

Math500 and HumanEval, the TPF can exceed 5 429

with a block size of 64. Crucially, a distinct per- 430
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Figure 3: Algorithmic speedup, measured in Effective Tokens Per Forward Pass (TPF), as a function of architectural
block size (L′) across different model sizes and various confidence thresholds (τ ).
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formance gap exists between scales; for instance,431

on GSM8K, the 30B model consistently achieves432

significantly higher TPF. Exceptionally, the 1.7B433

model shows higher TPF on IFEval, which we at-434

tribute to SFT data mismatch that induces repet-435

itive degeneration and thus entropy collapse (in-436

flated TPF). While standard AR inference speed437

typically degrades with model size due to mem-438

ory bandwidth and compute costs, under the SDAR439

paradigm, larger models exhibit lower predictive440

entropy and higher confidence. This allows the dy-441

namic decoding algorithm to accept more tokens442

per step. This suggests that techniques reducing443

output entropy, such as knowledge distillation or444

reinforcement learning, may serve as direct infer-445

ence accelerators in this framework.446

7.3 Wall-Clock Speed Analysis447

We evaluate the wall-clock performance of the448

SDAR-8B model on an industrial inference en-449

gine powered by an NVIDIA H200 GPU. Fig-450

ure 4 reports the Tokens Generated Per Second451

(TGS) across varying block sizes (L′) and batch452

sizes, comparing our dynamic and static strategies453

against the standard AR baseline.454

Latency-Sensitive Regime (Small Batch). 455

SDAR is most beneficial in latency-sensitive 456

settings (batch size ≤ 32) typical of interactive 457

serving. In this memory-bound regime, AR 458

decoding is constrained by memory bandwidth 459

due to single-token generation, whereas SDAR 460

amortizes weight loading by generating multiple 461

tokens per forward pass. As shown in Figure 4, 462

SDAR consistently outperforms AR at small batch 463

sizes, achieving up to 2.3× speedup with L′ = 64 464

and a batch size of 4. 465

Throughput-Bound Regime (Large Batch). 466

Our implementation achieves peak throughputs, 467

exceeding 6,000 TGS at high concurrency. How- 468

ever, as the batch size scales beyond 32, the system 469

shifts from a memory-bound to a compute-bound 470

regime. Due to the higher arithmetic intensity 471

required to process L′ candidates per step, SDAR 472

reaches the GPU’s compute saturation point earlier 473

than the baseline. As a result, the speed advantage 474

narrows, with AR eventually overtaking SDAR in 475

pure throughput as the batch size approaches 128. 476

For a comprehensive profiling of the transition 477

between memory- and compute-bound regimes, 478

please refer to Appendix D.2. 479
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Table 3: Comprehensive Performance of SDAR vs. AR. Evaluated across scientific and reasoning benchmarks,
SDAR achieves substantial gains in structured domains (e.g., Chemistry, GPQA) while maintaining parity or im-
proving on general tasks. Bold indicates the best result.

Model Structured Scientific Domains General Reasoning
GPQA Chembench Physics Protein MMLU-Pro AIME24 AIME25 LMB-H LCB-v5 LCB-v6

AR-Sci 61.2 60.5 39.0 59.5 78.3 74.9 60.7 55.4 51.5 46.3
SDAR-Sci (G) 66.7 (+5.5) 72.3(+11.8) 37.9 (-1.1) 59.9 (+0.4) 78.1 (-0.2) 76.7 (+1.8) 60.0 (-0.7) 60.7 (+5.3) 40.7 (-10.8) 42.3 (-4.0)
SDAR-Sci (S) 66.0 (+4.8) 72.8(+12.3) 38.2 (-0.8) 59.6 (+0.1) 77.9 (-0.4) 73.4 (-1.5) 59.2 (-1.5) 58.7 (+3.3) 49.1 (-2.4) 51.4 (+5.1)

Table 4: Test-Time Scaling Dynamics. Comparison
of AR and SDAR variants (based on 30B-A3B). SDAR
exhibits strong synergy with test-time scaling, generat-
ing diverse reasoning trajectories that lead to dramatic
gains under Majority Voting and Pass@k (k = 32).

Model GPQA AIME24 AIME25 LMB-H
AR-Sci 61.2 74.9 60.7 55.4
SDAR-Sci (G) 66.7 (+5.5) 76.7 (+1.8) 60.0 (-0.7) 60.7 (+5.3)
SDAR-Sci (S) 66.0 (+4.8) 73.4 (-1.5) 59.2 (-1.5) 58.7 (+3.3)

+ Majority 68.2 (+7.0) 86.7(+11.8) 80.0(+19.3) 71.1(+15.7)
+ Pass@k 84.3(+23.1) 93.3(+18.4) 86.7(+26.0) 87.5(+32.1)

8 Study IV: Local Non-Causal Modeling480

Capabilities481

Standard AR models are constrained by strict left-482

to-right causality. SDAR mitigates this via block-483

wise diffusion, introducing a local non-causal484

property where tokens within a block attend bidi-485

rectionally. By adapting a science-specialized486

backbone (Qwen3-30B-A3B-Sci), we isolate the487

impact of this relaxation on structured domains and488

analyze its synergy with test-time scaling.489

8.1 Structured and General Capabilities490

Scientific data (e.g., molecular graphs) involves491

non-linear dependencies challenging causal mask-492

ing. We posit SDAR’s local bidirectionality offers493

superior inductive bias for these structures. Table 3494

reports performance across 10 benchmarks.495

Local bidirectionality captures structural de-496

pendencies. SDAR shows distinct advantages in497

structure-rich tasks, achieving significant gains on498

ChemBench (+12.3) and the expert-level GPQA-499

diamond (+5.5). We attribute this to the relaxation500

of token-level causality: intra-block bidirectional501

attention allows the model to capture local topol-502

ogy (e.g., molecular bonds) without the constraints503

of sequential generation order.504

Global sequential logic is preserved. Crucially,505

this structural enhancement does not compromise506

general reasoning. As shown in Table 3 (right),507

SDAR remains strong on logic-heavy benchmarks508

(MMLU-Pro, AIME) and outperforms AR on com- 509

plex tasks like LiveMathBench-Hard (+5.3) and 510

LiveCodeBench (+5.1). This indicates that mod- 511

ifying the local attention mechanism enhances 512

structural modeling without disrupting the global 513

chain-of-thought logic learned in pretraining. 514

8.2 Diversity and Test-Time Scaling 515

We further examine the interaction between 516

diffusion-based stochasticity and test-time scaling 517

(Majority Voting and Pass@k) in Table 4. 518

Diffusion noise maximizes ensemble efficiency. 519

SDAR shows exceptional synergy with scaling 520

strategies. Beyond strong single-sample perfor- 521

mance, ensemble inference yields outsized gains: 522

+19.3 on AIME25 and +15.7 on LiveMathBench- 523

hard. Similarly, Pass@32 metrics reach 93.3 on 524

AIME24. These results suggest that the non-causal 525

generation produces a greater diversity of valid rea- 526

soning paths. Consequently, SDAR excels at ”Sys- 527

tem 2” inference, effectively converting test-time 528

compute into significant accuracy improvements. 529

9 Conclusion 530

In this work, we introduced SDAR to reconcile 531

the training efficiency of autoregressive models 532

with the parallel decoding of diffusion. Our study 533

establishes that AR pretraining provides a more 534

compute-efficient foundation than native masked 535

diffusion. Leveraging this, we converted standard 536

ARmodels up to 30B into blockwise diffusion gen- 537

erators with minimal adaptation cost (50B tokens), 538

retaining strong capabilities while unlocking paral- 539

lel generation. Crucially, we identified a virtuous 540

cycle of scaling: larger models demonstrate greater 541

robustness to parallelization, enabling 2.3× wall- 542

clock speedups on H200 GPUs. Finally, we 543

showed that SDAR’s local bidirectionality effec- 544

tively captures structured scientific data and max- 545

imizes test-time compute efficiency. We hope the 546

released models serve as a foundation for future re- 547

search in non-autoregressive generation. 548
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10 Limitations549

While SDAR offers a pragmatic path to efficient550

parallel generation, several limitations remain for551

future exploration:552

Alignment Beyond Supervised Fine-Tuning.553

Our current study validates the synergy between554

SDAR and Long-CoT reasoning within a Super-555

vised Fine-Tuning (SFT) framework. However, we556

have not yet explored alignment via Reinforcement557

Learning (RL) or preference optimization (e.g.,558

DPO, PPO). Given that modern reasoning models559

rely heavily on RL to refine logic and safety, adapt-560

ing these objectives to the blockwise diffusion loss561

landscape remains an open research direction.562

Engineering Gap Between Theory and Practice.563

There remains a gap between our theoretical al-564

gorithmic speedup (over 5×) and realized wall-565

clock speedup (2.3×). Although our custom infer-566

ence engine, developed atop LMDeploy, achieves567

competitive throughput (e.g., 6,600 TGS on an 8B568

model), it represents a preliminary implementa-569

tion. Specifically, our current pipeline performs a570

dedicated forward pass to populate the KV cache571

for a finalized block. A fully optimized implemen-572

tation would integrate this update into the gener-573

ation of the subsequent block. This would effec-574

tively hide the cache update overhead and further575

reduce the total number of forward passes.576

Compute-Bound Throughput Constraints. As577

analyzed in §7.3, SDAR increases the arithmetic578

intensity of generation. While this is advan-579

tageous in memory-bound regimes (small batch580

sizes, latency-critical applications), it becomes a581

bottleneck in compute-bound regimes. At very582

high batch sizes (e.g., > 128), the additional583

FLOPs required for iterative denoising outweigh584

the memory bandwidth savings, potentially result-585

ing in lower pure throughput compared to highly586

optimized AR baselines.587
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A Related Work 871

Our work, SDAR, resides at the intersection of au- 872

toregressive and diffusion-based language model- 873

ing, aiming to synthesize their respective strengths 874

while mitigating their inherent weaknesses. We 875

structure our review by first examining these two 876
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dominant paradigms, then analyzing prior attempts877

to unify them, and finally contrasting our approach878

with orthogonal methods for inference accelera-879

tion.880

A.1 The Autoregressive Paradigm:881

Dominance and Inherent Constraints882

ARmodels, which factorize the joint probability of883

a sequence into a left-to-right product of condition-884

als, represent the de facto standard in large-scale885

language modeling (Radford et al., 2019; Achiam886

et al., 2023; Grattafiori et al., 2024; Yang et al.,887

2025). The success of this paradigm is rooted in888

its strict causal inductive bias, which aligns natu-889

rally with the sequential structure of human lan-890

guage (Bengio et al., 2003; Vaswani et al., 2017;891

Radford et al., 2018). This alignment, combined892

with the stable and efficient cross-entropy training893

objective, has enabled unprecedented scaling and894

performance on a wide array of general-purpose895

tasks (Kaplan et al., 2020; Brown et al., 2020).896

However, the very causal bias that underpins the897

ARmodel’s success becomes its Achilles’ heel for898

tasks demanding non-local or holistic reasoning.899

This fundamental mismatch has been shown to im-900

pede performance on problems where solutions de-901

pend on global constraints, such as mathematical902

puzzles (e.g., Sudoku, 24-point game), Boolean903

satisfiability, and long-term planning (Hu et al.,904

2023; Bachmann and Nagarajan, 2024; Ye et al.,905

2024). The model’s rigid, token-by-token gener-906

ation process struggles to reason about future de-907

pendencies or revise earlier decisions in light of908

global information. For instance, recent studies909

demonstrate that masked generative diffusion mod-910

els can dramatically outperform strong AR base-911

lines on combinatorial problems like Sudoku (e.g.,912

91.5 vs. 45.8 accuracy (Ye et al., 2024)), under-913

scoring a clear paradigm-level advantage.914

This limitation also manifests in scientific915

domains. Modeling chemical formulas (e.g.,916

SMILES), for instance, requires bidirectional con-917

text. Similarly, modeling protein sequences to re-918

solve structural motifs and functional domains is919

inherently at odds with the unidirectional autore-920

gressive (AR) process, a foundational challenge for921

generative models like the ProGen series (Madani922

et al., 2023; Nijkamp et al., 2023; Bhatnagar et al.,923

2025). This has motivated a shift towards ar-924

chitectures that can leverage global, bidirectional925

context. Examples include powerful representa-926

tion learners like the ESM series (Meier et al.,927

2021; Hsu et al., 2022; Lin et al., 2022) and non- 928

autoregressive generators such as discrete diffu- 929

sion models dplm2 (Wang et al., 2024a). As ar- 930

gued by Liu et al. (2025), the standard sequential 931

paradigm is fundamentally suboptimal for biolog- 932

ical sequences due to their critical long-range de- 933

pendencies. Our own experiments affirm this hy- 934

pothesis: by locally relaxing this causal constraint, 935

SDAR achieves a 72.8 accuracy on the challenging 936

Chembench benchmark (Mirza et al., 2024), signif- 937

icantly outperforming its AR counterpart (60.5). 938

A.2 Diffusion Models: Holistic Modeling at a 939

Prohibitive Cost 940

As an alternative, discrete diffusion models cir- 941

cumvent the strict causal constraints of AR mod- 942

els by treating sequence generation as a holistic 943

denoising process, which learns to reverse a grad- 944

ual corruption of the data (Strudel et al., 2022; 945

Han et al., 2022; Gulrajani and Hashimoto, 2023; 946

Shi et al., 2024; Lou et al., 2024). This architec- 947

tural freedom offers two profound advantages: (1) 948

a natural capacity for parallel decoding, directly 949

addressing the latency bottleneck of AR inference, 950

and (2) a flexible, bidirectional inductive bias that 951

is better suited for the aforementioned non-local 952

reasoning tasks. 953

Despite this promise, the practical application of 954

diffusion language models has been severely ham- 955

pered by their prohibitive training cost (Nie et al., 956

2024; Gulrajani and Hashimoto, 2023). This in- 957

efficiency stems from two primary sources. First, 958

the training objectives, such as the Evidence Lower 959

Bound (ELBO), are often more difficult to opti- 960

mize and converge slower than the standard cross- 961

entropy loss used in AR models (Nie et al., 2024; 962

Arriola et al., 2025). Second, the learning task 963

of reconstructing a fully structured sequence from 964

varying levels of noise is information-theoretically 965

more challenging than next-token prediction. Em- 966

pirical studies quantify this gap, showing that 967

masked discrete diffusion models can require up to 968

16× more FLOPs to match the validation NLL of 969

an AR equivalent (Nie et al., 2024), a disparity that 970

widens to as much as 64× for continuous diffusion 971

models (Gulrajani and Hashimoto, 2023). 972

A.3 Hybrid and Conversion Models: 973

Bridging the Gap 974

Recognizing the complementary nature of AR and 975

diffusion models, several lines of research have ex- 976

plored hybrid architectures. 977
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Block-wise Hybrid Models. A prominent ap-978

proach fuses the paradigms by employing an au-979

toregressive structure at a global, inter-block level980

while using a parallel, diffusion-based mechanism981

for intra-block generation (Arriola et al., 2025; Han982

et al., 2022; Fathi et al., 2025). This strategy983

elegantly preserves macroscopic causal flow, en-984

abling variable-length generation and KV-caching.985

However, these models have traditionally adopted986

a monolithic training regime, where the AR and987

diffusion components are trained jointly from988

scratch. This subjects them to the full training in-989

efficiency of the diffusion objective, compounded990

by the complexity of a hybrid loss function, pre-991

senting a significant barrier to scaling.992

AR-to-Diffusion Conversion Models. Another993

strategy leverage the efficiency of AR pre-training994

by first training a standard LLM and then adapt-995

ing it to a non-autoregressive or diffusion-based996

objective. Works like DiffuLLaMA (Gong et al.)997

and Dream 7B (Ye et al., 2025) follow this path.998

While conceptually appealing, this conversion has999

proven to be computationally expensive (e.g., re-1000

quiring 580B tokens for adaptation in Dream 7B)1001

and can result in notable performance degradation1002

compared to the original AR model. In stark con-1003

trast, SDAR’s decoupled training and inference1004

paradigm and block-level adaptation requires a1005

minimal fine-tuning budget (e.g., 50B tokens) to1006

unlock parallel decoding, while fully preserving,1007

and on specialized tasks enhancing, the perfor-1008

mance of the foundational AR model.1009

B Infrastructures1010

B.1 Training Infrastructure1011

The training of the SDAR model requires special-1012

ized attention masks and training objectives that1013

differ from standard autoregressive language mod-1014

els. As a result, widely adopted kernels such1015

as FlashAttention for attention computation1016

and fused cross-entropy kernels from projects like1017

Liger-Kernel cannot be directly applied.1018

To address this, we adopt FlexAttention1,1019

which achieves significant speedups compared to1020

the scaled dot-product attention provided in Py-1021

Torch. Besides, we modify the fused cross-entropy1022

loss to support element-wise division of the per-1023

token loss terms, matching the diffusion ELBO1024

form. This design avoids fully materializing the1025

1https://pytorch.org/blog/flexattention/

logits tensor—a highly memory-intensive step— 1026

thereby reducing GPU memory usage and improv- 1027

ing overall efficiency. 1028

In terms of efficiency, the raw throughput, 1029

measured in tokens processed per GPU per sec- 1030

ond, is comparable to conventional autoregressive 1031

model training. However, due to SDAR’s training 1032

paradigm, which requires processing both clean 1033

and noised versions of each sample, the effective 1034

training speed is approximately halved relative to 1035

standard AR models. 1036

B.2 Inference Infrastructure 1037

Unlike many diffusion-based models that rely on 1038

approximate or specialized cache mechanisms, 1039

SDAR maintains a mathematically identical key- 1040

value (KV) cache to that of standard autoregressive 1041

models. This compatibility allows us to leverage 1042

established cache management techniques, includ- 1043

ing PagedAttention (Kwon et al., 2023) as imple- 1044

mented in vLLM. Figure 5 summarizes the SDAR 1045

inference workflow that our system targets, high- 1046

lighting the block-wise generation pattern and KV- 1047

cache reuse behavior. 1048

We design a custom attention kernel to han- 1049

dle the specialized attention mask required dur- 1050

ing the prefill stage. For the decoding stage, we 1051

integrate PagedAttention, ensuring inference ef- 1052

ficiency competitive with state-of-the-art autore- 1053

gressive inference engines. Our implementation 1054

extends autoregressive infrastructure with block- 1055

oriented optimizations, employing block-aligned 1056

memory allocation that provisions n/(n+ 1) 1057

blocks to support n forward passes. The infer- 1058

ence pipeline operates through iterative resource 1059

allocation, batched block-level inference, and state 1060

updates. Key optimizations include unified treat- 1061

ment of denoising and cache-filling operations dur- 1062

ing forward passes, fully batched unmasking opera- 1063

tions to avoid device synchronization, and deferred 1064

stop condition evaluation to handle mid-block ter- 1065

mination sequences. 1066

Beyond efficiency, we develop a lightweight, 1067

modular inference-engine framework built on top 1068

of the open-source Nano-vLLM2. It is designed for 1069

ease of modification and educational use, facili- 1070

tating rapid prototyping of new sampling strate- 1071

gies and RL-based algorithms. We also validate 1072

SDAR on an industrial-grade inference engine that 1073

2https://github.com/GeeeekExplorer/
nano-vllm

13

https://pytorch.org/blog/flexattention/
https://github.com/GeeeekExplorer/nano-vllm
https://github.com/GeeeekExplorer/nano-vllm


Figure 5: Contrasting inference paradigms between AR and SDAR. SDAR adopts a block-wise causal attention
mechanism to enable inter-block causal autoregression and intra-block parallel diffusion. The KV cache from
previously generated blocks is reused, while the block currently being decoded does not store KV cache.

supports prefix-based KV-cache sharing across re-1074

quests, reducing both compute and memory over-1075

head for interactive generation.1076

C Experiment Setup1077

C.1 Experiment Setup for Study I1078

Training Setup. We pretrain two 2B-parameter1079

models from scratch on an identical 1T-token1080

corpus (general web, STEM, and code), using1081

the same transformer architecture, tokenizer, opti-1082

mizer, and context length (4096 with packed se-1083

quences). The AR model uses variable-length1084

causal attention; the MDLM uses full bidirec-1085

tional attention, which is standard and effective for1086

diffusion-style training(Nie et al., 2025).1087

After pretraining, we perform an identical 100B-1088

token annealing training phase to obtain four Base1089

models:1090

1. AR-2B-Base: The pretrained AR model is1091

continually trained with its original autore-1092

gressive objective.1093

2. SDAR-2B-Base: The pretrained AR model1094

is converted to the Block Diffusion paradigm,1095

with a block size of 16. This is our proposed1096

SDAR paradigm.1097

3. MDLM-2B-Base: The pretrained MDLM is1098

continually trained with its original masked1099

diffusion objective.1100

4. MDLM-BD-2B-Base: The pretrained1101

MDLM is converted to the blockwise1102

diffusion, with a block size of 16.1103

Each Base model then undergoes SFT on the same 1104

4B-token dataset, using the same strategy as in its 1105

annealing phase, producing four chat variants: AR, 1106

AR-BD, MDLM, and MDLM-BD. 1107

For MDLM training, we use packed sequences 1108

with a global non-causal attention mask during 1109

CPT. During SFT, to prevent attention leakage 1110

across packed sequences, we switch to a variable- 1111

length non-causal attention that restricts atten- 1112

tion within each packed sequence. Similarly, for 1113

BD training, we use packed sequences with a 1114

global block-wise attention mask during CPT. Dur- 1115

ing SFT, we adopt a sequence-aware block-wise 1116

attention mask to mimic variable-length attention 1117

behavior. 1118

Evaluation Setup. We evaluate the four variants 1119

on downstream tasks that probe reasoning, mathe- 1120

matics, and code: 1121

• Reasoning & Knowledge: BBH (Suzgun 1122

et al., 2022) (3-shot), MMLU (Hendrycks 1123

et al., 2021) (5-shot), GPQA-Diamond (Rein 1124

et al., 2024) (0-shot). 1125

• Mathematics: MATH (Lightman et al., 1126

2023) (4-shot, CoT), GSM8K (Cobbe et al., 1127

2021) (4-shot, CoT). 1128

• Coding Tasks: HumanEval (Chen et al., 1129

2021) (0-shot), MBPP (Austin et al., 2021b) 1130

(3-shot). 1131

All four variants are evaluated using greedy de- 1132

coding. The BD variants (SDAR and MDLM-BD) 1133

use static decoding with block length L′ = 16 and 1134

16 denoising steps. The MDLM-2B-Chat follows 1135
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LLaDA (Nie et al., 2025) protocol, using static1136

decoding and semi-autoregressive remasking strat-1137

egy with hyper-parameters set according to the1138

original publication.1139

C.2 Experiment Setup for Study II1140

Training Setup. We start from the Qwen3 base1141

models at 1.7B, 4B, 8B, and 30B-A3B scales1142

and adapt them with a two-stage recipe. We run1143

50B-token CPT on a subset sampled from the 1T-1144

token corpus in Appendix C.1 (4096-token length,1145

packed sequences), followed by SFT on the same1146

4B-token instruction-following dataset. We use the1147

same attention-mask settings for CPT and SFT as1148

those described in Appendix C.1.1149

Evaluation Setup. We conduct a comprehensive1150

evaluation of our models on a suite of downstream1151

benchmarks designed to assess key capabilities in1152

reasoning, mathematics, code generation, and in-1153

struction following. The evaluation datasets are or-1154

ganized as follows:1155

• Reasoning & Knowledge: , MMMLU-1156

lite (Hendrycks et al., 2021) (0-shot),1157

TriviaQA (Joshi et al., 2017) (1-shot),1158

MMLU (Hendrycks et al., 2021) (5-shot),1159

CMMLU (Li et al., 2023) (0-shot), MMLU-1160

Pro (Wang et al., 2024b) (0-shot, CoT), and1161

GPQA-diamond (Rein et al., 2024) (0-shot).1162

• Mathematics: GSM8K (Cobbe et al.,1163

2021) (0-shot, CoT), MATH-500 (Lightman1164

et al., 2023) (0-shot, CoT), MathBench1165

(0-shot, CoT) (Liu et al., 2024a), and the1166

challenging competition-level benchmarks1167

AIME-2024, AIME-2025 (AIME, 2025)1168

and LiveMathBench-Hard (LMB-Hard) (Liu1169

et al., 2024b).1170

• Code Generation: HumanEval (Chen et al.,1171

2021), HumanEval-X (Zheng et al., 2023),1172

MBPP (Austin et al., 2021b), and Live-1173

CodeBench (LCB) (Jain et al., 2024), all eval-1174

uated in a zero-shot setting.1175

• Instruction Following: IFEval (Zhou et al.,1176

2023) (0-shot).1177

For our evaluation protocol, we employ greedy1178

static decoding for the SDAR-Chat models, with1179

both the block length and the number of denoising1180

steps set to 4. All AR models are evaluated under1181

standard greedy decoding.1182

C.3 Experiment Setup for Study III 1183

Training Setup. Starting from the SDAR base 1184

models (L′ = 4) in Appendix C.2, we run SFT 1185

on the same 4B-token dataset while varying the 1186

block length {4, 8, 16, 32, 64}. We keep the model 1187

architecture and initialization fixed, and only mod- 1188

ify the blockwise attention mask accordingly. All 1189

SFT runs use packed sequences with a 4K length. 1190

Evaluation Setup. We use greedy decoding 1191

throughout. Additionally, we investigate two dis- 1192

tinct decoding strategies: 1193

• Static Decoding: The generation of each 1194

block involves a full sequence of L′ iterative 1195

denoising steps, where L′ is the model’s ar- 1196

chitectural block size. This exhaustive re- 1197

finement process maximizes output quality, 1198

thereby establishing the performance ceiling 1199

for the given architecture. All dynamic, early- 1200

exit strategies are thus evaluated as trade-offs 1201

against this quality benchmark. 1202

• Dynamic Decoding: To enable a finer- 1203

grained trade-off, this mode dynamically ad- 1204

justs the number of tokens generated per step, 1205

k (where 1 ≤ k ≤ L′), based on a con- 1206

fidence threshold τ . The number of denois- 1207

ing steps equals the chosen block size for 1208

that step. We evaluate a range of thresholds, 1209

τ ∈ {0.80, 0.85, 0.90, 0.95}, to explore the 1210

spectrum between aggressive and conserva- 1211

tive parallel generation. 1212

C.4 Experiment Setup for Study IV 1213

Training Setup. The development of our pro- 1214

posed science-oriented models follows a three- 1215

stage pipeline: 1216

1. Extensive Domain Pre-training (AR Objec- 1217

tive): We continue pretrain Qwen3-30B-A3B 1218

on a 1T-token corpus in two phases: 500B to- 1219

kens from a general-domain mixture with sci- 1220

entific data, followed by 500B tokens of high- 1221

quality scientific annealing data. This yields 1222

a science-oriented AR base checkpoint. 1223

2. Paradigm Conversion to SDAR: Starting 1224

from the science-oriented AR checkpoint, we 1225

continue training under the blockwise diffu- 1226

sion objective on 50B tokens sampled from 1227

the 500B annealing corpus, using a sequence 1228

length of 20480 tokens, yielding SDAR-30B- 1229

A3B-Sci-Base. 1230
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Table 5: Performance comparison of SDAR, AR, and Diffusion models. The best result in each column is high-
lighted in bold.

Scale Model MMLU GSM8K Math500 HumanEval MBPP IFEval
AR Models

1.7B AR-Chat 63.8 81.1 62.0 65.9 61.9 43.3
Qwen3-Base 62.6 75.4 43.5 – 55.4 –

30BA3B AR-Chat 82.2 92.7 76.8 84.8 75.1 57.7
Qwen3-Base 81.4 91.8 59.0 – 74.4 –

Diffusion Models
8B LLaDA 65.9 78.6 37.3 47.6 34.2 59.9
7B Dream 69.5 81.0 38.7 55.5 58.8 62.5

SDAR Models
1.7B

SDAR-Chat
62.9 80.1 63.2 61.6 61.1 43.4

4B 74.9 89.9 72.8 72.0 65.4 56.6
8B 78.6 91.3 78.6 78.7 72.0 61.4
30BA3B 82.8 91.4 77.8 87.2 71.6 60.6

3. SFT for Reasoning: We fine-tune both1231

the science-aware AR base checkpoint and1232

SDAR-30B-A3B-Sci-Base on the same 0.5B-1233

token collection of high-quality long-CoT in-1234

struction data, using 20480 context length,1235

yielding AR-30B-A3B-Sci and SDAR-30B-1236

A3B-Sci, respectively.1237

Evaluation Setup. We evaluate our science-1238

oriented models on a curated suite of frontier1239

benchmarks covering complex reasoning, mathe-1240

matics, specialized scientific domains, and code1241

generation. The evaluation datasets are organized1242

as follows:1243

• Expert Reasoning & Knowledge: MMLU-1244

Pro (Wang et al., 2024b) and GPQA-1245

diamond (Rein et al., 2024).1246

• Competition-Level Mathematics: AIME-1247

2024, AIME-2025 (AIME, 2025), and1248

LiveMathBench-hard (LMB-hard) (Liu et al.,1249

2024b).1250

• Specialized Scientific Domains: Chem-1251

bench (Mirza et al., 2024), PHYSICS (Feng1252

et al., 2025), and ProteinLMBench (Shen1253

et al., 2024).1254

• Code Generation: LiveCodeBench-v5 and1255

LiveCodeBench-v6 (Jain et al., 2024).1256

For our SDAR-Sci model, we use a fixed block1257

length of 4 and static decoding strategy. We re-1258

port results under two sampling strategies: (G)1259

greedy decoding and (S) sampling-based decod- 1260

ing with temperature = 1.0, top_p = 1.0, and 1261

top_k = 0. Meanwhile, AR-Sci is evaluated us- 1262

ing a recommended sampling-based approach with 1263

temperature = 0.6, top_p = 0.95, and top_k = 1264

20 (Yang et al., 2025). For all sampling-based eval- 1265

uations, we report the mean performance over mul- 1266

tiple runs on key benchmarks: 8 runs for GPQA- 1267

diamond, and 32 runs for AIME-2024, AIME- 1268

2025, and LiveMathBench-hard. 1269

D Additional Results and Analysis 1270

D.1 Study II: Comparison with SOTA 1271

Baselines 1272

In Table 5, we further contextualize these find- 1273

ings by comparing SDAR with the original 1274

Qwen3-Base models and other prominent non- 1275

autoregressive architectures like LLaDA (Nie 1276

et al., 2025) and Dream (Ye et al., 2025). Our 1277

SDARmodels substantially outperform these prior 1278

diffusion-based approaches across all key bench- 1279

marks. For example, our SDAR-8B model 1280

achieves 78.6% on MMLU, a significant leap 1281

over LLaDA-8B (65.9%) and Dream-7B (69.5%). 1282

This substantial performance gap highlights that 1283

SDAR represents a major advancement for non- 1284

autoregressive generation, making it truly competi- 1285

tive with top-tier AR models for the first time. Fur- 1286

thermore, the SDAR-Chat models demonstrate en- 1287

hanced instruction-following capabilities over their 1288

AR-Chat counterparts (e.g., a +2.9% gain on IFE- 1289

val at the 30B scale), suggesting the block-wise 1290
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Figure 6: Left: Single forward pass time (tf ) as a function of batch size for AR and SDAR models. The transition
from a flat curve to a linear slope marks the shift from memory-bound to compute-bound regimes. Right: Realized
Tokens Per Forward Pass (TPF) calculated from actual inference throughput (Eq. 11). The consistency of TPF
across batch sizes confirms that algorithmic efficiency remains stable even when hardware saturates.

approach may better reinforce alignment. Taken1291

together, these results validate that our two-stage1292

training strategy provides a robust foundation and1293

positions SDAR as a leading paradigm, not only1294

advancing beyond previous diffusion models but1295

also establishing itself as a powerful and capable1296

competitor to autoregressive generation.1297

D.2 Study III: Deployment Efficiency1298

Analysis1299

In the main text (Section 7.3), we presented the1300

wall-clock throughput of SDAR. To further under-1301

stand the underlying hardware behaviors and the1302

transition between memory-bound and compute-1303

bound regimes, we provide profiling of the infer-1304

ence process on the NVIDIA H200 GPU.1305

D.2.1 Analytical Framework1306

To decouple algorithmic efficiency from hardware1307

constraints, we formalize the relationship between1308

throughput and execution time. Let α denote the1309

batch size, β the block size (L′), and γ the average1310

number of forward passes per block generation.1311

For standard Autoregressive (AR) decoding, the1312

Tokens Generated Per Second (TGS) is governed1313

by the time per forward pass (tf ):1314

TGSAR =
α

tf
(8)1315

tf =
α

TGSAR
(9)1316

For our SDAR implementation on the inference1317

engine, which requires one additional forward pass1318

for KV cache updates per generation step, the 1319

throughput is formulated as: 1320

TGSSDAR =
αβ

(γ + 1)tf
(10) 1321

From this, we derive the Realized Tokens Per 1322

Forward Pass (Realized TPF). This metric al- 1323

lows us to verify whether the theoretical algorith- 1324

mic speedup is achieved in practice, independent 1325

of hardware saturation: 1326

Realized TPF =
β

γ
=

(
α

TGSSDAR × tf
− 1

β

)−1

(11) 1327

D.2.2 Profiling Hardware Regimes 1328

Figure 6 presents the dual analysis of execution 1329

time and algorithmic efficiency. 1330

Transition from Memory-Bound to Compute- 1331

Bound. The left panel of Figure 6 plots tf 1332

against batch size, revealing two distinct operating 1333

regimes: 1334

• Memory-Bound Regime (Small Batch): At 1335

low concurrency (α ≤ 32), tf remains rela- 1336

tively constant. In this regime, latency is dom- 1337

inated by the memory bandwidth required to 1338

load model weights rather than computation. 1339

SDAR excels here by amortizing the expen- 1340

sive weight loading over multiple generated 1341

tokens (β) per forward pass, leading to signif- 1342

icant speedups. 1343
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• Compute-Bound Regime (Large Batch):1344

As the batch size scales, tf exhibits linear1345

growth, indicating that the GPU’s arithmetic1346

units are fully saturated. Since SDAR pro-1347

cesses β candidate tokens per step, it entails1348

a higher arithmetic intensity than AR. Conse-1349

quently, SDAR reaches this compute satura-1350

tion point at smaller batch sizes compared to1351

the baseline.1352

This explains the phenomenon observed in the1353

main text: while SDAR offers up to 2.3× speedup1354

in latency-sensitive scenarios, the advantage nar-1355

rows in throughput-oriented scenarios as the sys-1356

tem becomes bound by raw FLOPS.1357

Validation of Algorithmic Efficiency. The1358

right panel of Figure 6 displays the Realized TPF1359

derived from the actual end-to-end throughput1360

using Eq. 11. Crucially, this metric remains1361

consistent across varying batch sizes and aligns1362

closely with the empirical TPF measurements1363

observed in our generation experiments (Figure 3).1364

This consistency confirms that the diminishing1365

wall-clock speedup at large batch sizes is not due1366

to a degradation in SDAR’s acceptance rate or1367

algorithmic failure, but is strictly a consequence1368

of hardware compute limits.1369

Summary. These findings suggest that SDAR is1370

particularly well-suited for interactive, low-latency1371

applications (e.g., real-time chatbots) where batch1372

sizes are typically small. For high-throughput of-1373

fline batch processing, the trade-off shifts towards1374

compute capacity. Future optimizations, such as1375

kernel fusion to eliminate the separate KV-cache1376

overhead, could further reduce the arithmetic over-1377

head and extend SDAR’s advantage into higher1378

batch regimes.1379
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