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Abstract001

Diffusion large language models (dLLMs) offer002
an efficient alternative to autoregressive mod-003
els through parallel decoding, yet existing post-004
training methods largely rely on random mask-005
ing strategies that overlook intrinsic token de-006
pendencies. In this work, we present an empir-007
ical analysis of attention in dLLMs and show008
that tokens attending more strongly to revealed009
context exhibit greater generation stability and010
play a critical role in reasoning. Motivated by011
these findings, we propose AGDO, an attention-012
guided denoising and optimization framework013
that aligns both training and optimization with014
attention-derived dependencies. AGDO deter-015
mines the denoising order based on attention016
structure and emphasizes attention-critical to-017
kens during supervised fine-tuning and rein-018
forcement learning. Experiments on mathemat-019
ical and coding benchmarks demonstrate that020
AGDO consistently improves reasoning per-021
formance, outperforming state-of-the-art post-022
training methods for dLLMs.023

1 Introduction024

Diffusion large language models (dLLMs) have re-025

cently emerged as a promising alternative to autore-026

gressive (AR) models for language modeling (Li027

et al., 2025c). Unlike AR models, which gener-028

ate tokens sequentially from left to right, dLLMs029

iteratively denoise and decode tokens in parallel,030

offering substantial efficiency advantages during031

inference (Labs et al., 2025; Gong et al., 2025).032

Recent models such as LLaDA (Nie et al., 2025;033

Zhu et al., 2025) and Dream (Ye et al., 2025) have034

demonstrated performance competitive with state-035

of-the-art AR models (AI@Meta, 2024; Team et al.,036

2024) of comparable scale, highlighting the grow-037

ing potential of diffusion-based language modeling.038

Despite these advances, effectively post-training039

dLLMs remains challenging. Existing post-training040

approaches for full-attention dLLMs, including041

diff-GRPO (Zhao et al., 2025) and wd1 (Tang042

et al., 2025), typically rely on randomly masking 043

tokens and optimizing the model over the masked 044

positions. While simple and efficient, such strate- 045

gies fail to align with the actual inference dynam- 046

ics of dLLMs, leading to a mismatch between 047

training and inference. Several recent works at- 048

tempt to reduce this discrepancy by introducing 049

structured masking strategies. Blockwise super- 050

vised fine-tuning (Sun et al., 2025) adopts a semi- 051

autoregressive unmasking order, while other ap- 052

proaches (Wang et al., 2025b) follow the natural 053

left-to-right generation order during training. Al- 054

though these methods improve training stability 055

and efficiency, they still impose externally defined 056

decoding orders and overlook a critical property of 057

full-attention dLLMs: under bidirectional attention, 058

token dependencies are not strictly determined by 059

positional order, but emerge dynamically through 060

attention interactions. 061

To better understand these intrinsic dependen- 062

cies, we conduct an empirical analysis of attention 063

patterns in dLLMs. Our analysis reveals two key 064

observations. First, attention distributions exhibit 065

strong sparsity and temporal consistency across 066

denoising steps, indicating that each token consis- 067

tently relies on a small and stable set of context 068

tokens. Second, tokens that attend more heavily to 069

already denoised tokens exhibit significantly higher 070

probability stability during generation, suggesting 071

that the denoising order plays a crucial role in main- 072

taining generation reliability. These findings im- 073

ply that an effective training strategy for dLLMs 074

should explicitly align the denoising trajectory with 075

attention-induced token dependencies. 076

Motivated by these insights, we propose AGDO 077

(Attention-Guided Denoising and Optimization), a 078

two-stage post-training framework that explicitly 079

aligns the denoising trajectory of dLLMs with in- 080

trinsic attention structure. AGDO first derives an 081

attention-guided denoising order from valid atten- 082

tion scores, which governs the sequence in which 083
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tokens are unmasked during training and inference.084

By ensuring that tokens are denoised only after suf-085

ficient attention-supported context is available, this086

denoising order forms the foundation of AGDO.087

On top of this denoising backbone, AGDO per-088

forms supervised fine-tuning (AGDO-SFT) and089

reinforcement learning (AGDO-RL), while fur-090

ther emphasizing attention-hub tokens through an091

attention-based re-weighting strategy.092

Extensive experiments on challenging mathe-093

matical and coding benchmarks demonstrate that094

AGDO significantly improves the reasoning capa-095

bilities of masked dLLMs, consistently outperform-096

ing existing post-training methods. These results097

validate the importance of aligning training dynam-098

ics with intrinsic attention dependencies and high-099

light attention-guided denoising as a principled de-100

sign choice for dLLMs.101

2 Related Work102

Diffusion Large Language Models. DLLMs re-103

cently attract attention as an alternative to AR mod-104

els (Li et al., 2025c). Early attempts to apply dif-105

fusion to text employ continuous latent representa-106

tions (Gong et al., 2022; Li et al., 2022a). Masked107

diffusion, where masked tokens are iteratively pre-108

dicted, proves more scalable (Ye et al., 2025; Nie109

et al., 2025; Cheng et al., 2025a). Recent mod-110

els such as DiffuLlama (Gong et al., 2024) and111

Dream (Ye et al., 2025) adapt pre-trained language112

models with masked diffusion objectives. In con-113

trast, LLaDA (Nie et al., 2025) shows that train-114

ing large diffusion-based language models from115

scratch using full-attention achieves performance116

comparable to AR models like Llama (Dubey et al.,117

2024). Most recent work focuses on accelerating118

inference for dLLMs, introducing strategies such as119

parallel decoding (Gao et al., 2025), speculative de-120

coding (Cheng et al., 2025b) and KV-caching (Wu121

et al., 2025; Liu et al., 2025). While previous work122

primarily focuses on pre-training and inference ac-123

celeration for dLLMs, we focus on post-training124

methods to enhance their reasoning capabilities.125

DLLMs Reasoning Advancement. Current ap-126

proaches to enhancing reasoning in dLLMs mainly127

center around post-training and inference stages.128

Inference-time methods such as remasking-based129

optimization (Li et al., 2025b; Bao et al., 2025) and130

variable-length adaptation (Li et al., 2025a) enable131

the modeling of longer reasoning chains and uti-132

lize the bidirectional context of diffusion models. 133

In the post-training stage, reinforcement learning 134

methods such as group-based advantage estimation 135

and preference optimization are explored (Wang 136

et al., 2025a; Tang et al., 2025; Gong et al., 2025). 137

Additionally, diffu-GRPO (Zhao et al., 2025) ap- 138

plies mean-field approximation to improve compu- 139

tational efficiency. LLaDA 1.5 (Zhu et al., 2025) ad- 140

dresses variance in Evidence Lower Bound (ELBO) 141

based likelihood estimation by employing prefer- 142

ence optimization. However, these approaches of- 143

ten overlook the subtle dependencies among tokens 144

that complex reasoning tasks require. Instead, our 145

approach explicitly incorporates attention-derived 146

signals to identify and leverage token dependencies 147

during post-training. 148

3 Preliminaries 149

3.1 DLLMs with Full Attention 150

Unlike autoregressive models that employ causal 151

masking, dLLMs (Nie et al., 2025; Ye et al., 2025) 152

employ bidirectional self-attention, allowing each 153

token to attend to the entire sequence. Specifically, 154

for the l-th layer and the h-th attention head, the 155

attention score matrix A(l,h) is computed as: 156

A(l,h) = softmax

(
Q(l,h)K(l,h)⊤

√
dk

)
, (1) 157

where no attention mask is used, thereby enabling 158

full contextual visibility across all positions. 159

During the forward process, dLLMs progres- 160

sively corrupt the original sequence x0 into a noisy 161

sequence xt, with the time t ∈ [0, 1] controlling 162

the corruption level. Each token is independently 163

masked according to the transition distribution: 164

qt|0(x
i
t | xi0) =

{
βt, xit = xi0
1− βt, xit = [MASK]

, (2) 165

where βt decreases with t, and β1 = 0 at t = 1, in- 166

dicating the sequence is fully masked. The training 167

objective is to reconstruct the masked tokens condi- 168

tioned on the partially corrupted sequence xt. Let 169

Mt denote the set of token indices that are masked 170

at time step t. The model is trained by minimizing 171

a weighted negative log-likelihood, corresponding 172

to the evidence lower bound (ELBO): 173

LSFT = Et,x0,xt

1
t

∑
k∈Mt

log fθ(x
k
0|xt)

 . (3) 174
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(a) Step 29.
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(c) Step 15.
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(e) Token 61.
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(f) Token 195.
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(g) Token 154.
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(h) Token 220.

Figure 1: Attention dynamics during the denoising process on Dream-v0-Instruct-7B (Ye et al., 2025). Figure (a) to
(d) display the attention distributions among tokens at randomly selected denoising steps. Figure (e) to (h) illustrate
how the attention of a randomly chosen token towards other tokens changes throughout the denoising process. The
red dashed lines indicate the steps at which the corresponding token is unmasked.

3.2 Policy Optimization for DLLMs175

Reinforcement learning (RL) for language models176

is commonly implemented using Proximal Policy177

Optimization (PPO) (Schulman et al., 2017), which178

optimizes a policy πθ by maximizing the objective:179

Eq,o

[ |o|∑
t=1

min
(
rtÂt, clip(rt, 1−ϵ, 1+ϵ)Ât

)
180

− β ·KL
[
πθ(· | q, o<t) ∥πref(· | q, o<t)

]]
, (4)181

where rt is the probability ratio between the cur-182

rent policy πθ and old policy πold, and Ât is the183

estimated advantage.184

To reduce the complexity of PPO, recent185

work (Shao et al., 2024) proposed Group Rela-186

tive Policy Optimization (GRPO), which elimi-187

nates the need for a learned value function by188

estimating advantages via group-wise normaliza-189

tion. Specifically, given a group of G sampled re-190

sponses {o1, . . . , oG} with corresponding rewards191

{R1, . . . , RG}, the advantage assigned to the i-th192

response is computed as:193

Âi
t =

Ri −mean({Rj}Gj=1)

std({Rj}Gj=1)
. (5)194

However, applying GRPO to dLLMs presents non-195

trivial challenges. Unlike AR models (Yang et al.,196

2025; Dubey et al., 2024), dLLMs do not admit a 197

sequential factorization over tokens, which com- 198

plicates the computation of token-level likelihood 199

ratios and KL regularization terms required for pol- 200

icy optimization. Recent approaches address this 201

by adopting mean-field approximations, enabling 202

efficient single-pass estimation of both importance 203

weights and KL divergence for policy optimiza- 204

tion (Zhao et al., 2025; Tang et al., 2025). 205

4 Attention Analysis in DLLMs 206

In this section, we conduct an empirical analysis 207

of the attention mechanism in dLLMs to uncover 208

intrinsic token dependencies during the reasoning 209

process. For clarity, we focus on the final layer, de- 210

noted as layer L, where semantic dependencies are 211

typically most pronounced. Our primary analysis 212

is performed on Dream-v0-Instruct-7B. To demon- 213

strate the generality of our findings, we further 214

validate the results on LLaDA in Appendix A. 215

4.1 Attention Patterns in DLLMs 216

To gain deeper insights into attention distributions 217

in dLLMs, we utilize queries from the MATH-500 218

benchmark (Hendrycks et al., 2020) and trace the 219

temporal evolution of attention score maps (as de- 220

fined in Equation 1) in the final layer across the de- 221

noising trajectory. We average the attention scores 222

across all heads and visulize them in Figure 1. 223
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Horizontal sparsity across steps. Figures 1 (a)-224

(d) show that attention weights in dLLMs exhibit a225

consistently sparse structure throughout the denois-226

ing process. In particular, most tokens primarily227

attend to themselves and their immediate neigh-228

bors, forming prominent diagonal patterns similar229

to those observed in AR models (Xiao et al., 2023;230

Hsieh et al., 2024). In addition, we observe distinct231

vertical structures manifested as bright columns,232

indicating that a small subset of key tokens attracts233

concentrated attention from many other positions.234

Notably, these sparse patterns remain stable across235

different denoising steps, corroborating prior ob-236

servations in recent work (Song et al., 2025).237

Vertical consistency across steps. Figures 1238

(e)-(h) further reveal strong temporal consistency239

in token-wise attention patterns across denoising240

steps. Although the query, key, and value represen-241

tations are recomputed at each inference step, the242

set of tokens receiving substantial attention from243

a given token remains largely unchanged. This244

behavior appears as persistent vertical lines in the245

attention maps, suggesting that the most salient246

contextual dependencies for each token are largely247

invariant to the masking state. This finding is again248

consistent with the analysis in Song et al. (2025).249

4.2 Impact of Valid Attention250

The observations in Section 4.1 motivate us to ex-251

amine how the denoising status of attended tokens252

influences the stability of the current token. To253

quantify this effect, we define the valid attention254

score of token i at its denoising step as:255

Si =
∑
k∈U

(
1

H

H∑
h=1

A
(L,h)
i,k

)
, (6)256

where A
(L,h)
i,k denotes the normalized attention257

score from token i to token k in the layer L and258

head h, and U denotes the set of already unmasked259

tokens. Furthermore, we track the probability evo-260

lution of each token from its initial denoising step261

until the end of the inference process. We define262

the probability change ∆Pi for token i as:263

∆Pi = Pmin
i − P denoise

i , (7)264

where P denoise
i is the probability of token i at its265

denoising step, and Pmin
i is the minimum proba-266

bility for token i observed during the subsequent267

inference process.268

Figure 2 illustrates the distribution of valid atten- 269

tion scores S and the corresponding average proba- 270

bility change ∆P . We observe a clear positive cor- 271

relation between S and ∆P . Specifically, tokens 272

that allocate more attention to already unmasked 273

tokens (i.e., higher Si) exhibit greater stability, in 274

the sense that their probabilities are less likely to 275

decrease as subsequent tokens are generated.
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Figure 2: Relationship between the valid attention score
S and the average probability change ∆P .

276
To further explore the influence of S on gener- 277

ation quality, we introduce a hybrid token selec- 278

tion strategy that augments the probability-based 279

baseline with the valid attention score S. At each 280

denoising step, we first construct a candidate set 281

consisting of masked tokens whose probabilities 282

exceed 0.9. Among these candidates, we select the 283

token with the highest S value to be unmasked. 284

As shown in Table 1, this S-aware denoising 285

strategy consistently outperforms the probability- 286

only baseline across different predefined sequence 287

lengths on MATH-500. These results indicate that 288

incorporating valid attention information leads to a 289

denoising order that better captures intrinsic token 290

dependencies, thereby producing more reliable and 291

higher-quality generations. 292

Strategy 128 256 512

Max-Prob 16.8 13.8 13.0
Max-S 21.2 16.2 15.2

Table 1: Accuracy on MATH-500 under static sampling
with different predefined sequence lengths. Max-Prob
selects the token with the highest probability, while
Max-S selects the token with the highest valid attention
score among high-probability candidates.

5 Approach 293

Motivated by our attention analysis in Section 4, 294

which reveals strong structural sparsity, temporal 295
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consistency, and stability-aware token dependen-296

cies in dLLMs, we propose AGDO, an Attention-297

Guided Denoising and Optimization framework.298

AGDO explicitly aligns training and optimization299

with intrinsic attention dependencies. Under a300

shared attention-guided denoising order, AGDO301

supports two training regimes: AGDO-SFT, which302

performs attention-guided supervised fine-tuning,303

and AGDO-RL, which applies attention-guided304

preference optimization.305

5.1 Attention-Guided Denoising Order306

Our analysis in Section 4.1 shows that tokens allo-307

cating more attention to already unmasked tokens308

exhibit significantly higher probability stability dur-309

ing the denoising process. This observation sug-310

gests that the denoising order in dLLMs should311

respect attention-induced token dependencies.312

To operationalize this insight, we construct an313

attention-guided denoising order based on the valid314

attention score S defined in Equation 6. For a com-315

plete generation trajectory, we perform a single316

forward pass at the final denoising timestep to ob-317

tain the attention score matrix in the last layer. The318

set of unmasked tokens U is initialized with all319

prompt tokens. At each denoising step t, we select320

the top-n tokens with the highest S scores and add321

them to U . In the next step, valid attention scores322

are recomputed for the remaining tokens based on323

the updated U . This procedure is repeated until all324

tokens are assigned to a denoising step.325

By denoising tokens after sufficient attention-326

supported context is available, this ordering aligns327

the generation trajectory with intrinsic dependency328

structures captured by attention. The detailed algo-329

rithm is provided in Appendix B.1.330

5.2 Attention-Guided Fine-Tuning331

Existing supervised fine-tuning (SFT) methods for332

dLLMs typically rely on either random masking or333

fixed semi-autoregressive masking strategies (Zhao334

et al., 2025; Sun et al., 2025) to compute cross-335

entropy loss on a preselected subset of tokens. Yet,336

such approaches ignore the attention-induced de-337

pendency structure revealed by our analysis.338

In contrast, AGDO-SFT follows the attention-339

guided denoising order described in Section 5.1.340

At each timestep t, we randomly mask only the341

tokens assigned to that denoising step, ensuring342

that training conditions mirror the intended infer-343

ence trajectory. Moreover, inspired by findings on344

attention centrality in AR models (Lin et al., 2024;345

Li et al., 2025d), we further distinguish tokens by 346

their influence on the rest of the sequence. For each 347

token k, we define an influence score Ik as the total 348

attention it receives from other tokens: 349

Ik =
∑
i

(
1

H

H∑
h=1

A
(L,h)
i,k

)
, (8) 350

where A
(L,h)
i,k denotes the attention weight from 351

token i to token k in the final layer L. 352

Tokens with higher Ik function as attention hubs 353

and exert disproportionate influence on the genera- 354

tion of other tokens. To reflect this, we weight the 355

cross-entropy loss at denoising step t as: 356

−Et,x0,xt

[
1

|Ut|
∑

k∈Ut
(1 + γkIk) log fθ(x

k
0 | xt)

]
. (9) 357

This design aligns both the masking schedule 358

and the loss weighting with attention structure, en- 359

abling the model to focus on tokens that are most 360

critical for global consistency. The full procedure 361

is described in Appendix B.2. 362

5.3 Attention-Guided Policy Optimization 363

We further extend AGDO to reinforcement learning 364

under the GRPO algorithm. As in AGDO-SFT, de- 365

noising follows the attention-guided order defined 366

in Section 5.1. Furthermore, to emphasize tokens 367

that garner greater attention during the generation 368

process, we augment the advantage estimation by 369

incorporating I derived in Equation 8. The result- 370

ing AGDO-RL objective is formulated as: 371

− Et,q,o

[
1

|Ut|
∑
k∈Ut

min
(
rkÂ

′
k, clip(rk, 1−ϵ, 1+ϵ)Â′

k

)
− β DKL (ϕπθ

(· | q) ∥ϕπref
(· | q))

]
, (10) 372

where the attention-adjusted advantage Â′
k is de- 373

fined as: 374

Â′
k = Âk + sign(Âk) · δ · Ik, (11) 375

where δ controls the strength of attention guidance. 376

By amplifying policy updates for tokens that are 377

central in the attention graph, AGDO-RL aligns 378

preference optimization with the intrinsic reasoning 379

structure of dLLMs. Implementation details are 380

provided in Appendix B.3. 381

6 Experiment 382

6.1 Experimental Setup 383

Models and Benchmarks. We mainly conduct our 384

experiments on Dream-v0-Instruct-7B (Ye et al., 385
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Math Code Average
GSM8K MATH500 Minerva LiveBench LiveCodeBench-v2

Similar-sized AR LLMs

Llama3.1-8B-Instruct (AI@Meta, 2024) 84.5 51.9 37.5 19.7 20.0 42.7
Qwen2.5-7B-Instruct (Team et al., 2024) 89.9 74.0 50.4 31.1 26.9 54.5

Masked DLLMs baselines

Dream-v0-Instruct-7B (Ye et al., 2025) 69.4 38.9 11.6 10.7 10.7 28.3
LLaDA-8B-Instruct (Nie et al., 2025) 81.5 38.3 11.9 4.9 5.9 28.5

SFT from Dream

SFT 83.5 48.3 14.8 11.3 11.5 33.9
blockwise SFT 86.0 51.7 12.3 10.2 11.8 34.4
AGDO-SFT (ours) 85.3 53.7 15.3 12.5 13.1 36.0

RL from Dream

Diff-GRPO (Zhao et al., 2025) 85.0 45.5 15.3 15.2 13.9 35.0
Coupled RL (Gong et al., 2025) 86.1 48.8 14.1 13.8 11.8 34.9
TraceRL (Wang et al., 2025b) 86.3 52.8 16.4 14.0 13.0 36.5
AGDO-RL (ours) 87.7 53.7 16.1 18.3 14.7 38.1
AGDO(ours) 86.9 56.2 17.0 18.4 15.6 38.8

Table 2: The main benchmark results across different math and coding tasks on Dream-v0-Instruct-7B. Best results
are in bold, and second best are underlined.

2025), and further assess the generalization of386

our approach on LLaDA-8B-Instruct (Nie et al.,387

2025). We evaluate model performance across two388

representative domains: mathematical reasoning389

and code generation. For mathematical reasoning,390

we benchmark on MATH-500 (Hendrycks et al.,391

2020), GSM8K (Cobbe et al., 2021), and Min-392

erva (Lewkowycz et al., 2022), covering problems393

of varying difficulty and reasoning depth. For code394

generation, we report results on LiveBench (White395

et al., 2024) and LiveCodeBench-V2 (Jain et al.,396

2024), which provide dynamic and execution-based397

evaluation of real-world coding tasks.398

Baselines and Metrics. We compare our approach399

against several established baselines under both400

SFT and RL. For SFT, we consider two baselines:401

(i) standard SFT with a fully random masking402

strategy, and (ii) blockwise SFT (Sun et al., 2025).403

To ensure a fair comparison, we augment the train-404

ing data for the fully random masking baseline by405

applying 35 independent random masks per exam-406

ple, resulting in an average of approximately 39407

forward passes per data point, which is comparable408

to that of other methods. For RL, we benchmark409

against Diff-GRPO (Zhao et al., 2025), Couple-410

RL (Gong et al., 2025), and TraceRL (Wang et al.,411

2025b). Similarly, to maintain fairness across412

methods, we augment the training data for Diff-413

GRPO and Couple-RL with 15 independent ran-414

dom masks, aligning the average number of for-415

ward passes per data point with our approach. For 416

robust evaluation, each experiment is repeated 8 417

times, and we report the average accuracy across 418

runs. During inference, we adopt a static decoding 419

strategy with a sampling temperature of 0.1, un- 420

masking one token per denoising step, and a maxi- 421

mum response length of 1,024 tokens. More imple- 422

mentation details can be found in Appendix C. 423

6.2 Main Results 424

Table 2 presents the quantitative comparison on 425

Dream-v0-Instruct-7B. In the SFT stage, our 426

AGDO-SFT consistently outperforms both stan- 427

dard and blockwise SFT baselines, achieving an 428

average accuracy of 36.0% compared to 34.4% for 429

blockwise SFT. Notably, AGDO-SFT yields a sig- 430

nificant 3.0% gain compared to blockwise SFT 431

on the challenging Minerva benchmark, confirm- 432

ing the benefit of aligning training with intrinsic 433

attention dependencies. In the RL stage, AGDO- 434

RL establishes new state-of-the-art results among 435

baselines. Specifically, AGDO-RL achieves 18.3% 436

on LiveBench, substantially exceeding diff-GRPO 437

(15.2%). Furthermore, as illustrated in Figure 3, 438

our method demonstrates more sustained accu- 439

racy growth and superior stability during training 440

on both training and testing sets, indicating that 441

attention-guided optimization effectively mitigates 442

learning difficulties in dLLMs. 443
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Figure 3: Accuracy changes on training and testing sets
during reinforcement training on Dream-v0-Instruct-7B.

6.3 Ablation Studies444

6.3.1 Ablation on γ and δ445

We investigate the impact of hyperparameters γ and446

δ on attention-based weighting in AGDO-SFT and447

AGDO-RL through ablation studies. As illustrated448

in Figure 4, tuning γ during the fine-tuning stage449

consistently improves accuracy over the blockwise450

SFT baseline, with γ = 100 yielding the best re-451

sult on MATH500. Notably, AGDO-SFT outper-452

forms blockwise SFT by approximately 2% even453

when γ = 0, a setting that implies the absence of454

I-enhanced training weights. This result demon-455

strates the isolated effectiveness of aligning the456

denoising order with attention based dependence.457
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Figure 4: Ablication results on γ and δ.

In the RL phase, the accuracy curve for δ = 0458

consistently remains above that of TraceRL, fur-459

ther validating the proposed strategy of aligning460

the denoising trajectory with attention. We also ob-461

serve that setting δ < 10 leads to additional gains462

in training accuracy on top of the attention-guided463

denoising strategy. Conversely, performance de-464

teriorates when δ = 20. We hypothesize that an465

excessively large δ induces drastic gradient updates,466

which violates the trust region constraints funda-467

mental to Proximal Policy Optimization.468

Methods Block Size Average
8 16 32 64 128

SFT 48.4 48.2 48.7 49.9 50.5 49.1
Blockwise SFT 43.9 46.3 46.3 45.5 46.9 45.8
AGDO-SFT 49.1 48.5 50.2 50.5 49.7 49.6

Diff-GRPO 43.9 43.5 45.5 46.9 45.9 45.1
Coupled RL 47.1 48.4 49.2 49.6 51.5 49.2
TraceRL 47.5 50.5 50.3 52.9 51.9 50.6
AGDO-RL 48.0 50.6 53.3 53.7 52.3 51.6
AGDO 51.5 52.8 53.4 53.9 53.6 53.0

Table 3: Ablation results on MATH500 with different
block sizes under a predefined length of 512.

6.3.2 Ablation on Sampling Configs 469

To evaluate the robustness of our method under 470

stricter context constraints, we conduct ablation 471

studies using a reduced sequence length of L = 472

512, in contrast to the L = 1024 setting employed 473

in the main experiments. Table 3 details the per- 474

formance across block sizes ranging from 8 to 128. 475

In the fine-tuning stage, naive Blockwise SFT ex- 476

hibits a marked performance decline (averaging 477

45.8%) compared to standard SFT (49.1%). How- 478

ever, AGDO-SFT effectively mitigates this degra- 479

dation, achieving an average accuracy of 49.6% 480

and surpassing standard SFT. This result under- 481

scores the efficacy of our proposed method. In 482

the subsequent RL stage, AGDO-RL consistently 483

outperforms all RL baselines across varying block 484

sizes. Notably, AGDO-RL attains the highest av- 485

erage accuracy of 51.6%, peaking at 53.7% with a 486

block size of 64. AGDO gains the best results on 487

all block sizes, which further validates the effec- 488

tiveness of aligning training with attention. 489

6.3.3 Application on LLaDA 490

To further validate the effectiveness of our ap- 491

proach, we evaluate our algorithms on LLaDA- 492

8B-Instruct (Nie et al., 2025) using the GSM8K 493

and MATH500 benchmarks, with the training set 494

kept same with Dream. For the SFT stage, we 495

adopt standard SFT with fully random masking and 496

blockwise SFT as baselines. For the full training 497

pipeline, we benchmark against d1-LLaDA (Zhao 498

et al., 2025), wd1 (Tang et al., 2025), and LLaDA- 499

1.5 (Zhu et al., 2025). As shown in Table 4, our 500

methods outperform the baselines. The accuracy 501

curves in Figure 5 further show that our methods 502

achieve faster improvement than Diff-GRPO (Zhao 503

et al., 2025), demonstrating their effectiveness. 504
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Figure 5: Accuracy changes during reinforcement train-
ing on LLaDA-8B-Instruct (Nie et al., 2025).

Methods GSM8K MATH500

Baseline

LLaDA (Nie et al., 2025) 81.5 38.7

SFT from LLaDA

SFT 82.1 38.3
Blockwise SFT 82.3 38.4
AGDO-SFT (ours) 83.3 39.6

SFT+RL from LLaDA

d1-LLaDA (Zhao et al., 2025) 82.1 40.2
wd1 (Tang et al., 2025) 82.3 39.0
LLaDA-1.5 (Zhu et al., 2025) 83.3 42.6
AGDO (ours) 85.3 42.8

Table 4: Results on GSM8K and MATH500 benchmarks
for LLaDA-8B-Instruct (Nie et al., 2025).

6.4 Further Analysis505

6.4.1 Internalization of Attention Alignment506
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Figure 6: Comparison of average ∆P and S.

To investigate the impact of our training frame-507

work on internal reasoning mechanisms, we com-508

pare the distribution of valid attention score S on509

the MATH500 benchmark between the original510

Dream model and the AGDO-trained model. As511

illustrated in Figure 6, the distribution of S for the512

AGDO-trained model exhibits a distinct rightward513

shift compared to the baseline. This trend indicates514

that the model has internalized the attention-guided515

denoising strategy, learning to prioritize the gener- 516

ation of tokens that possess strong dependencies 517

on the already unmasked context. By maximizing 518

valid attention during inference, the model effec- 519

tively reduces generation uncertainty and estab- 520

lishes more robust logical chains, thereby enhanc- 521

ing the quality of generated responses. This further 522

demonstrates the effectiveness of our method. 523

6.4.2 Computational Cost Analysis 524

A potential concern regarding AGDO-RL is the 525

overhead incurred by the online attention analy- 526

sis during RL. However, generating a response re- 527

quires T denoising steps (i.e., T forward passes), 528

whereas our method adds only one single forward 529

pass to analyze the full sequence. 530

We empirically test the overhead of online atten- 531

tion analysis during RL on Dream-v0-Instruct-7B 532

using 8 NVIDIA H20 GPUs and T = 1024 denois- 533

ing steps. Under the same RL settings as the main 534

experiments, Table 5 shows that Attention Analysis 535

accounts for only 3% of the total rollout time, in- 536

dicating that AGDO-RL improves reasoning with 537

negligible impact on training efficiency. 538

Stage Forward Passes Total Time (s)

Rollout Stage 262,144 390
Attention Analysis 256 12

Total 262,400 402

Table 5: Time breakdown of a single RL iteration. The
overhead from our Attention Analysis is marginal com-
pared to the Rollout Stage.

7 Conclusion 539

In this paper, we revisit post-training for diffusion 540

large language models (dLLMs) and show that ex- 541

isting random masking strategies fail to fully lever- 542

age intrinsic token dependencies. To address this 543

limitation, we propose AGDO, a unified framework 544

that integrates attention-guided denoising with su- 545

pervised and reinforcement learning. By aligning 546

the denoising order with attention-derived depen- 547

dencies and emphasizing attention-critical tokens 548

during optimization, AGDO better matches train- 549

ing dynamics with the model’s internal reasoning 550

structure. Experiments on mathematical and cod- 551

ing benchmarks demonstrate consistent improve- 552

ments over state-of-the-art baselines, highlighting 553

the effectiveness of attention-guided denoising and 554

optimization for dLLMs. 555
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Limitation556

Our experiments mainly focus on dLLMs with full557

attention, utilizing its properties in dLLMs to op-558

timize algorithms. Therefore, we do not discuss559

the performance on block attention-based dLLMs.560

In future work, we plan to investigate the charac-561

teristics of block attention in dLLMs and design562

tailored algorithmic improvements.563
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(c) Token 81 attention change.
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Figure 7: Analysis of attention patterns on LLaDA.
(a) and (b) visualize the attention distributions among
tokens at two randomly selected denoising steps. (c) and
(d) illustrate the temporal attention dynamics of specific
tokens towards others throughout the denoising process.

Strategy 128 256 512

Max-Prob 19.9 23.8 16.1
Max-S 28.5 30.3 32.7

Table 6: Comparison of decoding accuracy on
MATH500 using static sampling across different pre-
defined sequence lengths on LLaDA. For the Max-S
strategy, the probability threshold is set to 0.

B.1 Attention-Guided Denoising Order770

B.2 AGDO-SFT771

Algorithm 2 AGDO-SFT
1: Input: Dataset D; Model πθ; Rate η; Coeff γ

2: for batch B ∈ D do
3: L ← 0
4: for X ∈ B do
5: T ← Alg.1(X); A← Forward(X,πθ)
6: ∀k : Ik ←

∑
i MeanHead(Ai,k) ▷ Eq. 8

7: for t = 0 . . .max(T ) do
8: Kt ← {k | Dk = t}
9: Msub ← RandomMask(Kt)

10: Min ← {k | Dk > t} ∪Msub

11: W ← {1 + γIk | k ∈Msub}
12: L ← L +

WeightedNLL(πθ(XMin),Msub,W ) ▷ Eq. 9
13: end for
14: end for
15: θ ← θ − η∇θL
16: end for

Algorithm 1 Attention-Guided Denoising Order
1: Input: Sequence X; Model πθ; Step size n; Block size

m
2: Output: Denoising Traces T ∈ Z|X|

3: Init: U ← Prompt(X); M ← Masked(X); T ←
0; rank← 1

4: A← Forward(X,πθ)
5: whileM ̸= ∅ do
6: ∀i ∈M : Si ←

∑
k∈U MeanHead(Ai,k)

7: K ← TopK({Si}, n)
8: ∀k ∈ K : Tk ← rank; U ← U ∪ K; M ←
M\K

9: rank← rank + 1
10: end while
11: Constant C ← |X|
12: for idx = 0 . . . |X| − 1 do
13: batch_num← ⌊idx/m⌋
14: Tidx ← Tidx + (batch_num + 1) · C
15: end for
16: Return T

B.3 AGDO-RL 772

Algorithm 3 AGDO-RL
1: Input: PromptsQ; Ref πref ; Group G; Coeff δ

2: for iteration 1 . . .MaxIter do
3: q ∼ Q
4: {o1 . . . oG} ← Gen(q, πθ)

5: R← Reward(q, {oj}); Â← Norm(R)
6: L ← 0
7: for j = 1 . . . G do
8: T ← Alg.1([q, oj ], πθ); A ←

Forward([q, oj ], πθ)
9: ∀k : Ik ←

∑
i MeanHead(Ai,k) ▷ Eq. 8

10: ∀k : Â′
k ← Âj + sign(Âj) · δ · Ik ▷ Eq. 11

11: for t = 0 . . .max(T ) do
12: Kt ← {k | Tk = t}
13: Msub ← RandomMask(Kt)
14: Min ← {k | Tk > t} ∪Msub

15: πcurr ← πθ(oj [Msub] | [q, oj ]Min)
16: πold ← πref (oj [Msub] | [q, oj ]Min)

17: L ← L + GRPO_Obj(πcurr, πold, Â
′
Msub

)
▷ Eq. 10

18: end for
19: end for
20: θ ← θ − η∇θL
21: end for

C Implementation Details 773

All experiments are conducted on NVIDIA H20 774

GPUs. Supervised Fine-Tuning (SFT): For math- 775

ematical reasoning, we use 2,000 training samples 776

from Wang et al. (2025b). For code generation, we 777

distill 2,000 samples from CodeContest (Li et al., 778

2022b) using Qwen2.5-32B-Instruct (Team et al., 779

2024). Models are trained for one epoch with a 780

learning rate of 1× 10−6 and a total batch size of 781

128. We set post_num to 16 and γ to 100. Rein- 782

forcement Learning (RL): We adopt the training 783

framework from Wang et al. (2025b). The training 784
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data consists of the training splits of GSM8K and785

MATH for mathematical reasoning, and PrimeIn-786

tellect (Jaghouar et al., 2024) for code generation.787

For coding tasks, the reward is defined as the frac-788

tion of unit tests passed. During rollout, we sample789

32 prompts per step and generate 8 responses for790

each prompt. We employ a static denoising strategy791

with a temperature of 1.0, unmasking one token per792

denoising step, and limit the maximum sequence793

length to 1,024 tokens. The total batch size is set794

to 512, with a learning rate of 1× 10−6. We set δ795

to 1. The post_num is set to 16 for mathematical796

tasks and 0 for code generation.797
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