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Abstract001

Diffusion large language models (dLLMs) gen-002
erate text through iterative denoising. In com-003
monly adopted parallel decoding schemes, each004
step confirms only high-confidence positions005
while remasking the others. By analyzing006
dLLM denoising traces, we uncover a key inef-007
ficiency: models often predict the correct target008
token several steps before its confidence be-009
comes high enough to be decoded. This gap be-010
tween early prediction and late decoding forces011
repeated remasking of already-correct tokens,012
causing redundant iterations and limiting accel-013
eration. To exploit this temporal redundancy,014
we introduce Trace Credit to quantify a token’s015
decoding potential by accumulating historical016
evidence. Building on this, we propose Cred-017
itDecoding, a training-free parallel decoding018
method that fuses Trace Credit with current019
logits to boost the confidence of correct but020
underconfident tokens, thereby accelerating de-021
noising and improving robustness. On eight022
benchmarks, CreditDecoding achieves up to023
5.48× speedup with +0.48 accuracy on LLaDA-024
8B , and consistently improves performance025
across diverse dLLM architectures and param-026
eter scales. It further scales to long contexts027
and remains orthogonal to mainstream infer-028
ence optimizations, making it a practical and029
applicable solution.030

1 Introduction031

Diffusion-based large language models (dLLMs)032

have recently emerged as a promising alternative to033

autoregressive models (ARMs) for text generation034

(Ye et al., 2025; Nie et al., 2025; Zhu et al., 2025a,b;035

Gong et al., 2025b,a; Song et al., 2025; Yang et al.,036

2025; Kim et al., 2025a). Unlike ARMs that pre-037

dict tokens strictly left-to-right, dLLMs generate038

text through iterative denoising with bidirectional039

attention, enabling richer contextual dependencies.040

This paradigm has demonstrated advantages in rea-041

soning and generation quality (Nie et al., 2025; Ye042
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Figure 1: Acceleration methods (dots) vs. their perfor-
mance with CreditDecoding (stars) on LLaDA.

et al., 2025). However, inference efficiency remains 043

a major bottleneck: dLLMs typically require redun- 044

dant denoising steps to predict all masked tokens, 045

and the use of bidirectional attention precludes a 046

lossless KV cache (Yu et al., 2025). 047

To accelerate inference, recent work has focused 048

on improving the effectiveness and efficiency of 049

parallel decoding in dLLMs (Yu et al., 2025; Wei 050

et al., 2025). At each denoising step, the model 051

first predicts all masked tokens and then selects 052

a subset of high-confidence positions to decode, 053

while remasking the remaining uncertain tokens for 054

future refinement (Yu et al., 2025). This strategy 055

allows multiple tokens to be updated in parallel and 056

has proven both simple and effective. Nevertheless, 057

it suffers from two key limitations: 058

(i) Computational redundancy. In many cases, 059

tokens are predicted early but decoded late due to 060

low confidence, causing repeated prediction. Fig- 061

ure 5 shows the resulting temporal gap between 062

initial prediction and final decoding. 063

(ii) History-agnostic Decoding. As the context is 064

iteratively updated and may include mispredicted 065

tokens, the confidence of otherwise stable tokens 066

can fluctuate or even regress (Wang et al., 2025). 067
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Figure 2: Comparison between standard dLLM parallel decoding (left) and the proposed CreditDecoding (right).
The left diagram illustrates how existing methods predict solely on instantaneous predictions at each step, causing
the repetitive remasking of correct tokens. In contrast, CreditDecoding maintains a token-level credit value across
steps, using Trace Credit as a prior to enhance and calibrate current predictions.

However, token decoding is typically independent068

of predictions from previous steps, without lever-069

aging the historical consistency of tokens. This un-070

dermines convergence and propagates errors across071

steps, reducing decoding robustness.072

To address these issues, we propose CreditDe-073

coding, a training-free parallel decoding strategy074

for dLLMs. It assigns each token a trace credit075

score that accumulates historical logits across steps.076

This score acts as a prior condition fused with the077

current logits to boost confidence. CreditDecod-078

ing reduces redundant iterations while stabilizing079

predictions against temporary inconsistencies.080

We evaluate CreditDecoding on four dLLMs081

across eight benchmarks covering knowledge, rea-082

soning, and coding. Experiments show that Credit-083

Decoding achieves consistent speedups with mod-084

est performance uplift across a diverse set of dLLM085

architectures and benchmarks, while remaining or-086

thogonal to mainstream optimizations such as KV087

cache (Feng et al., 2025) and kernel fusion (Jain088

et al., 2023). In summary, our work makes the089

following contributions:090

• We analyze threshold-based parallel decod-091

ing and identify computational redundancy092

and history-agnostic decisions as key bottle-093

necks. We further find temporal consistency in094

confidence trajectories across denoising steps,095

providing an effective prior for acceleration.096

• We propose CreditDecoding, a training-free097

method that accumulates trace credits as a098

token-level prior to accelerate inference. We099

also introduce a tuning-free variant to improve100

usability. On LLaDA-8B-Instruct, the primary 101

approach achieves up to 5.48× speedup while 102

improving task performance. 103

• We demonstrate the scalability, generality, 104

and orthogonality of CreditDecoding. It 105

scales effectively across a wide range of 106

model sizes and context lengths, while main- 107

taining seamless compatibility with main- 108

stream optimizations (Figure 1). 109

2 Related Work 110

Diffusion Language Models Diffusion large lan- 111

guage models (dLLMs) replace left-to-right pre- 112

diction with iterative denoising, enabling order- 113

agnostic and parallel token updates with bidirec- 114

tional context (Nie et al., 2025; Ye et al., 2025). 115

Representative systems include Dream and the 116

LLaDA family, with extensions to code, large-scale 117

training, and multimodal/vision-conditioned set- 118

tings (Ye et al., 2025; Nie et al., 2025; Zhu et al., 119

2025a,b; Gong et al., 2025b,a; Song et al., 2025; 120

You et al., 2025; Yang et al., 2025). Variants fur- 121

ther explore flexible-length and any-order masking 122

(Kim et al., 2025a). Theoretically, dLLMs can ap- 123

proach autoregressive quality but typically require 124

multiple denoising steps, with complexity that may 125

grow with stricter sequence-level correctness and 126

longer context (Feng et al., 2025; Liu et al., 2025a). 127

Practically, unlike ARMs, dLLMs lack lossless KV 128

caching and often incur high latency due to many 129

denoising iterations (Cobbe et al., 2021; Hendrycks 130

et al., 2021b; Chen et al., 2021; Jain et al., 2024). 131

Inference Acceleration and Decoding Strate- 132
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gies To reduce latency, parallel decoding samples133

multiple tokens per step, and reuse or caching of134

bidirectional-attention outputs or other stable com-135

putations can further cut runtime without retrain-136

ing (Yu et al., 2025; Wei et al., 2025; Liu et al.,137

2025b). Beyond speed, planning and ordering138

methods (e.g., path-planning remasking, adaptive139

ordering, calibration, or attention pruning) improve140

robustness and efficiency (Peng et al., 2025; Kim141

et al., 2025b; Huang et al., 2025; Chen et al., 2025),142

and some incorporate temporal/historical signals143

(Wang et al., 2025). However, many score-based144

strategies remain largely history-agnostic, relying145

on current-step confidence, which can induce step-146

level instability and redundant remasking until con-147

fidence converges.148

3 Preliminary149

3.1 Inference Process of dLLMs150

A Diffusion Large Language Model (dLLMs) gen-151

erates discrete text sequences by iteratively denois-152

ing a fully masked input. dLLMs formulate gener-153

ation as a stochastic reverse denoising process that154

starts from an all-[Mask] sequence and gradually155

recovers the clean sequence.156

Let x ∈ VL be a sequence of length L over a vo-157

cabulary V . At each discrete step t ∈ {0, . . . , T},158

let xt denote the corrupted sequence and Mt ⊆159

{1, . . . , L} be the set of masked positions. We use160

ηt ∈ [0, 1] to denote the masked ratio, following a161

forward schedule where noise increases with t.162

The core component is a denoising model fθ163

that maps a corrupted sequence xt to logits lt =164

fθ(xt). These logits parameterize the probability165

distribution of the original token at each position i:166

piθ(· | xt) = Softmax(lit). (1)167

This order-agnostic formulation enables the168

model to predict masked tokens based on arbitrary169

visible context. During inference, the denoising170

process starts from xT and iteratively refines the171

state until the clean sequence x0 is fully recovered.172

At each denoising step t, the transition from xt to173

xt−1 is defined as:174

xt−1 ∼
L∏
i=1

gθ(x
i
t−1 | xt), (2)175

where the transition kernel gθ is given by:176

gθ(x
i
t−1 | xt) =

{
xit, i /∈ Mt,

Cat
(
πi
t

)
, i ∈ Mt.

(3)177

Here, πi
t(·) = ηt−1

ηt
eM + ηt−ηt−1

ηt
piθ(· | xt), and 178

eM denotes the one-hot vector of the [Mask]. 179

Intuitively, at each masked position, the token 180

either remains masked or is predicted by the model 181

based on the schedule. In practical parallel de- 182

coding, high-confidence tokens from pθ(·|xt) are 183

decoded and updated into xt−1, while uncertain 184

positions are remasked for future refinement. This 185

procedure iterates until M0 = ∅. 186

Moreover, many implementations adopt a block- 187

wise strategy: the sequence is partitioned into 188

blocks, and tokens within the current block can 189

be decoded while external tokens serve as fixed 190

context. This limits the impact of uncertain tokens, 191

reducing error propagation and improving stability. 192

3.2 Parallel Decoding 193

dLLMs naturally support recovering mask tokens 194

in parallel. Assuming conditional independence at 195

each step t, the joint distribution is approximated by 196

the product of marginals. For each masked position 197

i ∈ Mt and token v ∈ V , we greedily sample 198

candidate tokens x̃it = argmaxv p
i
θ(v | xt) and its 199

confidence score sit = piθ(x̃
i
t | xt). 200

Previous work validates that high-confidence 201

marginals effectively approximate the joint dis- 202

tribution (Wu et al., 2025). Based on this, the 203

mainstream strategy decodes a subset of tokens 204

It = {i ∈ Mt | sit ≥ τ} whose confidence exceeds 205

a threshold τ . Tokens in It are decoded in parallel, 206

while the rest remain masked (Figure 2). 207

Beyond simple probability, other scoring func- 208

tions (e.g., negative entropy, probability margins.) 209

and sampling schemes (e.g., top-k, adaptive sched- 210

ules) have also been explored. 211

4 Methodology 212

4.1 Observations 213

In this section, we analyze limitations of threshold- 214

based parallel decoding in dLLM inference. For 215

each position i, we define the target token xi,v0 as 216

the token with ID v ultimately decoded at position 217

i in the final output sequence. 218

Figure 3 (blue line) visualizes how the confi- 219

dence of xi,v0 evolves over denoising process. Many 220

tokens are repeatedly sampled as candidate tokens 221

and predicted long before they get final decoded. 222

particularly pronounced under single-token decod- 223

ing schemes, which, despite this inefficiency, often 224

lead to higher final accuracy (Feng et al., 2025). 225
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Figure 3: Impact of CreditDecoding on x128,v
0 confi-

dence. The shadow region marks steps where x128,v
0

achieves top-1 conf, CreditDecoding reduces steps by
boosting confidence and entering this region earlier.

This observation reveals two limitations of ex-226

isting methods: (i) Redundant computation. De-227

cisions are gated by instantaneous confidence, so228

correct hypotheses are repeatedly predicted and re-229

masked until sit exceeds τ . (ii) History-agnostic230

decoding. Each step ignores past predictions; tran-231

sient mispredictions can delay decoding and propa-232

gate errors to later denoising steps.233

A natural idea is to promote early decoding by234

boosting the confidence of target tokens so that235

they cross the threshold earlier. For practicality and236

analytical tractability in the probability domain, we237

add a gain of the form logX (X ≥ 1) to the target-238

token logit. Specifically, for a target token xi,v0 , we239

enhance its logit li,vt as:240

l̂i,vt = li,vt + logX, (4)241

where l̂i,vt is the corresponding fused logit.242

Let pi,vt = piθ(v | xt) denote the current prob-243

ability of token v at position i. When xi,v0 is the244

predicted token at step t, we have sit = pi,vt . It245

is straightforward to show that the minimum gain246

required to ensure ŝit = p̂i,vt ≥ τ is:247

X ≥ Xmin(p
i,v
t , τ) =

τ

1− τ
· ( 1

pi,vt
− 1). (5)248

Eq. 5 shows that the required gain is highly sen-249

sitive to p̂i,vt . However, early-step probabilities250

are unstable and the true target token is unknown.251

Naively applying Xmin can amplify noise and lead252

to irreversible decoding errors. This motivates a253

token-level trace credit Ci,v
t that aggregates his-254

torical evidence and serves as an adaptive gain for255

the current prediction. Intuitively, credit measures256

a candidate’s likelihood of converging to high con-257
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Figure 4: Temporal consistency. Results are obtained on
GSM8K with threshold-based parallel decoding. Curves
correspond to tokens grouped by total denoising steps.

fidence, enabling earlier yet safer decoding. The 258

derivation is provided in Appendix C.1. 259

4.2 CreditDecoding 260

In this section, we introduce CreditDecoding, a 261

training-free mechanism that enables earlier and 262

safer decoding in parallel decoding. 263

Temporal Consistency Formally, we define 264

the denoising trace T as the ordered collection of 265

predicted tokens and their confidence during the 266

denoising process. Specifically, at each step t from 267

T down to 0, all predicted tokens x̃t and confidence 268

scores st are appended to T . 269

As shown in Figure 4, the confidence of the 270

eventual target token xi,v0 exhibits a consistently 271

increasing trend and quickly approaches 1 as it 272

nears decoding. Moreover, this trend is largely in- 273

sensitive to the length of T , suggesting that the 274

confidence of a target token is determined mainly 275

by its denoising stage (i.e., the remaining steps). 276

Motivated by this property, we use an EMA- 277

based credit to aggregate temporal evidence into a 278

stable prior, predicting whether the current greedy 279

token x̃it will eventually be decoded. 280

Definition of Trace Credit During inference, 281

we maintain token-level credits independently for 282

each position. At each denoising step t, for ev- 283

ery masked position i ∈ Mt and token v ∈ V , 284

we maintain a credit value Ci,v
t ∈ R≥0 that accu- 285

mulates historical evidence from T for supporting 286

token v at position i. Given the predicted token 287

x̃it, credits are updated via an EMA-style rule that 288

reinforces x̃it: 289

Ci,v
t =

β Ci,v
t+1 +

(
pi,vt

)γ
, v = x̃it,

β Ci,v
t+1, otherwise.

(6) 290
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Figure 5: Confidence rank of the target token xi,v
0 (defined in 4.1) at each position i during the generation steps s

(Left: LLaDA, Middle: Fast-dLLM, Right: CreditDecoding). The red dots denote that the model decodes token at
pos i at the corresponding step s, which is also the Decoding Boundary in FigureC.3.

Here β ∈ (0, 1) controls exponential decay, and291

γ ∈ (0, 1) is a concave transform that up-weights292

low-confidence values, which is fixed in our imple-293

mentation.294

As illustrated in Figure 2, this update rule bal-295

ances two dynamics. (i) Global decay: β gradually296

forgets stale evidence, especially from tokens not297

currently predicted, suppressing early-stage con-298

fidence fluctuations. (ii) Focused enhancement:299

only the currently predicted token x̃it receives an ad-300

ditional credit boost, so credit accumulates mainly301

on tokens that remain consistently top-1 along the302

denoising trace rather than on transient spikes.303

For completeness, we also explore a variant that304

aggregates historical evidence for all tokens. De-305

tails are given in Appendix C.8.306

Crucially, we fuse credit with logits to obtain a307

sharpened predictive distribution:308

l̂i,vt = li,vt + α · log
(
Ci,v
t + 1

)
(7)309

where α > 0 controls the strength of the credit-310

based prior. Eq. 7 is equivalent to applying a mul-311

tiplicative gain to pi,vt in the probability domain,312

yielding p̂i,·t = Softmax
(
l̂it
)
.313

Accordingly, the confidence score becomes ŝit =314

maxv∈V p̂i,vt , and the predicted token under the en-315

hanced distribution is x̃it = argmaxv p̂
i,v
t . Tokens316

predicted consistently across steps thus accumu-317

late credit, inducing an growing effective gain that318

enables earlier decoding and reduces redundant319

remasking. Conversely, unstable candidates are320

down-weighted by decay, improving robustness to321

transient fluctuations. In practice, we apply Credit-322

Decoding only within the current denoising block323

for inference efficiency. Algorithm 1 provides the324

complete procedure.325

Importantly, CreditDecoding modifies only the326

output logits and seamlessly integrates with main-327

stream inference optimizations to achieve cumula- 328

tive speedups. 329

4.3 Tuning-Free Schedule 330

To avoid hyperparameter tuning, we propose a step- 331

adaptive schedule that couples credit strength to 332

the denoising stage. 333

Let ηt denote the mask ratio at step t. We set 334

γ = 1 and use step-dependent coefficients βt = 335

αt = 1−ηt to reflect the denoising progress, where 336

αt is the logit-fusion weight in Eq. 7. 337

In early steps, it down-weights trace credits to 338

counter unreliable confidence. As denoising pro- 339

gresses and ηt decreases, predictions stabilize and 340

credit strength increases automatically. 341

5 Experiments 342

5.1 Experimental Setup 343

Implementation We implement CreditDecod- 344

ing on LLaDA-8B-Instruct (Nie et al., 2025) and 345

LLaDA-MoE-Instruct (Zhu et al., 2025b). Infer- 346

ence settings differ across experiments and may 347

deviate slightly from from the original papers. We 348

detail them in the corresponding sections. All ex- 349

periments are conducted on NVIDIA H20-3e 140 350

GB GPUs. 351

In the main experiments, we set the generation 352

length and number of steps to 256. Additional 353

experiments with different generation lengths are 354

reported in Section 5.5. Based on the analyses in 355

Appendix C.4 and Section 5.3, we set the block 356

size to 64, and the hyperparameters of CreditDe- 357

coding to α = 0.65, β = 0.7 and γ = 0.2. 358

Evaluation Tasks In the main experiments, we 359

comprehensively evaluate CreditDecoding on eight 360

datasets spanning five categories. Specifically, we 361

evaluate inference performance on DROP (Dua 362

et al., 2019) and KorBench (Ma et al., 2025a), 363
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Table 1: Main benchmark results w/ Early Stop across eight datasets on LLaDA-8B-Instruct and LLaDA-MoE-
Instruct(Gen Length=256, Block Size=64 . Cells show Score (top, relative to LLaDA) and TPF (bottom, improve-
ment over Fast-dLLM). The last row (Avg.) reports the mean Score and mean TPF over the eight datasets.

Benchmark
LLaDA-8B-Instruct LLaDA-MoE-Instruct

Baseline Fast-dLLM CreditDecoding Baseline Fast-dLLM CreditDecoding

MMLU
SCORE

TPF

62.46 62.43 −0.03 63.78 +1.32 64.08 64.08 0.00 64.21 +0.13

1 2.86 4.57 (+56%) 1 2.16 2.46 (+14%)

SQuAD2.0
SCORE

TPF

91.43 91.43 0.00 91.71 +0.28 86.88 86.88 0.00 87.27 +0.39

1 13.55 16.84 (+24%) 1 7.09 9.64 (+36%)

DROP
SCORE

TPF

82.86 82.74 −0.12 82.78 −0.08 80.16 80.16 0.00 79.72 −0.44

1 2.93 3.79 (+29%) 1 2.73 3.28 (+20%)

KorBench
SCORE

TPF

33.12 33.20 +0.08 35.04 +1.92 36.72 36.88 +0.16 36.48 −0.24

1 3.72 5.03 (+35%) 1 2.36 3.28 (+38%)

HumanEval
SCORE

TPF

34.76 34.15 −0.61 36.59 +1.83 51.22 51.22 0.00 51.22 0.00

1 3.82 4.69 (+23%) 1 4.97 6.00 (+21%)

LCB
SCORE

TPF

8.15 8.15 0.00 7.54 −0.61 13.88 14.04 +0.16 14.37 +0.49

1 1.93 2.17 (+12%) 1 2.43 2.81 (+16%)

GSM8K
SCORE

TPF

77.94 78.47 +0.53 77.18 −0.76 74.37 74.45 +0.08 74.98 +0.61

1 3.22 3.87 (+20%) 1 2.28 2.68 (+18%)

Math
SCORE

TPF

37.30 37.04 −0.26 37.24 −0.06 36.02 35.84 −0.18 36.28 +0.26

1 2.42 2.84 (+17%) 1 2.35 2.71 (+15%)

Average
SCORE

TPF

53.50 53.45−0.05 53.98+0.48 55.42 55.44 +0.02 55.57 +0.15

1 4.31 5.48 (+27%) 1 3.30 4.11 (+25%)

language understanding on SQuAD, knowledge364

assessment on MMLU (Hendrycks et al., 2021a),365

coding ability on OpenAI HumanEval (Chen et al.,366

2021) and LiveCodeBench (Jain et al., 2024), and367

mathematical reasoning on GSM8K (Cobbe et al.,368

2021) and Math (Hendrycks et al., 2021b). In the369

ablation, scaling, and other analysis experiments,370

due to computational constraints, we select five371

representative datasets across categories: MMLU,372

SQuAD, KorBench, HumanEval, and GSM8K.373

Evaluation metric We adopt the standard per-374

formance metrics for each evaluation dataset, as375

detailed in Appendix B. In addition, to examine376

whether CreditDecoding can mitigate redundant377

computation inherent in traditional dLLMs, we uti-378

lize TPF (Tokens Per Forward) to evaluate dLLM379

inference efficiency. We report single-run results380

for each setting.381

Early Stop In dLLM, early stopping changes382

the generated length and thus significantly affects383

TPF. Some studies disable it to boost TPF, as the384

model quickly outputs the EOS token. However,385

in practical applications it is usually enabled to386

avoid redundant outputs. We enable Early Stop by 387

default, except in Figure 1 for better comparison. 388

5.2 Main Results 389

As shown in Table 1, we evaluate our method 390

on eight datasets using LLaDA-8B-Instruct and 391

LLaDA-MoE-Instruct. We use each benchmark’s 392

default performance metric and report TPF for in- 393

ference speed, with TPF of the baseline normalized 394

to 1. TPF of CreditDecoding thus directly reflects 395

speedup relative to the baseline. 396

Overall, CreditDecoding outperform the base- 397

line and SOTA Fast-dLLM in both performance 398

and speed. It achieves a 5.48× speedup and 0.48 399

performance gain on LLaDA-8B-Instruct, and a 400

4.10× speedup on LLaDA-MoE-Instruct. 401

Figure 5 illustrates that after applying CreditDe- 402

coding, the red line representing the step of decod- 403

ing each token prediction becomes more horizontal, 404

indicating more parallel decoding within each step 405

and higher efficiency. While the baseline requires 406

all 256 steps, CreditDecoding completes decoding 407

in 50 steps, consistent with the 5× speedup in 408

6



Table 2: Performance comparison across different model paradigms and scales. Results are reported as the average
Score / TPF over the evaluated datasets. CD refers to CreditDecoding.

Paradigm Arch. Model Params Fast-dLLM CD CD-Adaptive

Pure
Diffusion

Dense LLaDA 8B 60.38 / 5.49 60.86 / 7.00 60.23 / 7.74
MoE LLaDA-MoE 7B-A1B 62.70 / 3.77 62.83 / 4.81 63.74 / 5.27

Block
Diffusion

MoE LLaDA2-Mini 16B-A1B 76.23 / 2.01 76.69 / 2.26 76.92 / 2.15
MoE LLaDA2-Flash 100B-A6B 84.89 / 2.48 84.53 / 2.79 84.97 / 2.68

Table 1. Yellow and blue denote high and low con-409

fidence respectively, with their boundary marking410

the step where the model predict the target token411

for the first time. The gap between the red line412

and the boundary shows the redundant steps the de-413

coding method brings. Traditional dLLMs discard414

remasked token information, necessitating repeated415

predictions and creating a gap between the red line416

and the yellow-blue boundary.417

Two observations in Figure 5 explain why Cred-418

itDecoding speeds up decoding: The yellow-blue419

boundary moves upward, denoting that model pre-420

dict the target token earlier, improving the upper421

limit of the red line. CreditDecoding decreases422

the gap between the red line and the yellow-blue423

boundary which mitigate redundant steps.424

5.3 Hyperparameter Ablation Study425

As discussed in Section 4.2, CreditDecoding has426

three hyperparameters: β for global decay, α for427

logits fusion, and γ for concave amplification. We428

fix γ and perform ablation studies on α and β in429

the range [0, 0.95] with a step size of 0.05.430

Figure 6 shows that performance fluctuates431

slightly with α and β, peaking around β = 0.5 and432

β = 0.7, while α remains stable within [0.2, 0.65].433

Larger values of both parameters increase TPF by434

accumulating more trace credit, but may reduce435

accuracy. We select α = 0.65 and β = 0.7 as they436

provide a good trade-off, yielding strong perfor-437

mance and high TPF across five datasets, though438

optimal values vary by dataset.439

5.4 Generalizability440

In this section, we demonstrate the generalizabil-441

ity of CreditDecoding by conducting experiments442

across models characterized by diverse paradigms443

and scales. As shown in Table 2, in addition to444

the LLaDA-8B-Ins and LLaDA-MoE-Ins models445

discussed in the main results, we extended our446

evaluation to include LLaDA2-Mini and LLaDA2-447

Flash(Bie et al., 2025). Collectively, these experi-448

ments encompass various training paradigms and449
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Figure 6: Hyperparameter Ablation. Green: average
score; Yellow: average TPF. Solid: varying α with fixed
β = 0.70; Dashed: varying β with fixed α = 0.65.

architectures, spanning parameter scales from 8B 450

to 100B. We employed dInfer (Ma et al., 2025b) 451

for inference on LLaDA2-Mini and LLaDA2-Flash, 452

configuring the generation length to 2048 and the 453

block size to 32. Due to computational constraints, 454

we limit our comparison to Fast-dLLM, CreditDe- 455

coding, and the CreditDecoding-Adaptive, which 456

adapts to the step mask ratio introduced in Sec- 457

tion 4.3, omitting weaker baselines that are incom- 458

patible with parallel decoding. 459

Results in Table 2 yield two critical insights. 460

First, CreditDecoding strategy delivers more sub- 461

stantial efficiency gains in Pure Diffusion train- 462

ing paradigms due to its larger attention con- 463

text window. Second, and most significantly, 464

CreditDecoding-Adaptive serves as a universal, 465

tuning-free solution. Addressing the dataset- 466

dependent nature of denoising traces T (Ap- 467

pendix C.6), it eliminates the need for task-specific 468

hyperparameter tuning, thereby reducing deploy- 469

ment overhead. It yields superior generation scores 470

and remains significantly faster than Fast-dLLM, 471

balancing performance and usability with minimal 472

efficiency cost. 473

5.5 Scalability 474

Current research on dLLMs typically evaluates gen- 475

eration lengths of 128 or 256, with a few studies 476
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extending to 512. However, the primary advantage477

of dLLMs over autoregressive models—parallel478

decoding—is largely underutilized at such short479

lengths. To address this, in this section we scale480

the generation length to 1024 and 4096, aiming to481

provide insights into the potential of dLLMs for482

long-text generation.483

We fix the number of steps equal to the genera-484

tion length and set the block size to 64. Figure 7485

shows that both the baseline and CreditDecoding486

peak at length 512 and gradually degrade as length487

increases. Notably, CreditDecoding consistently488

outperforms the baseline and scales better with489

generation length, demonstrating stronger robust-490

ness in long-context scenarios491

Crucially, the method sustains a consistent 7×492

TPF speedup across settings. As text length grows,493

this relative speedup translates into increasingly494

substantial absolute latency reductions, highlight-495

ing its practical value in long-context scenarios.496

5.6 Orthogonality497

CreditDecoding operates purely on the model log-498

its and does not interfere with the sample or select499

procedures. This design makes it a plug-and-play500

post-processing module that is naturally orthog-501

onal to both (i) system-level inference optimiza-502

tions such as compiler-level acceleration (Jain et al.,503

2023), and (ii) algorithmic acceleration strategies504

for dLLMs such as threshold decoding, KV-cache505

variants, and EOS early stopping.506

In all cases, we keep the hyperparameters and507

selection rules of the baseline methods unchanged,508

and only apply CreditDecoding on top. As demon-509

strated in Figure 1, our experiments confirm this510

orthogonality. When combined with CreditDecod-511

ing, we observe that the speedup is preserved while 512

the performance drop is partially mitigated, show- 513

ing that historical trace credit acts as a stabilizing 514

prior under aggressive compression. 515

For algorithmic acceleration, threshold parallel 516

decoding (Fast-dLLM w/o KV cache (Wu et al., 517

2025)) typically accelerates but at the cost of lower 518

accuracy. For EOS early stopping, CreditDecoding 519

complements the strategy by improving robustness 520

of token selection in earlier steps. Adding Credit- 521

Decoding further boosts both speed and accuracy, 522

with 4.7× acceleration over the baseline with an ad- 523

ditional +0.63 improvement in average score. Sim- 524

ilarly, CreditDecoding alleviates the accuracy loss 525

of threshold decoding and complements KV-cache 526

methods by reducing redundant iterations within 527

cached segments. These results above demonstrate 528

that CreditDecoding can be seamlessly integrated 529

with existing optimizations to deliver consistent 530

performance gains. 531

Appendix C.7 provides details of our accelera- 532

tion methods and orthogonality experimental re- 533

sults for CreditDecoding on LLaDA and LLaVA- 534

MoE, including inference throughput (TPS). 535

6 Conclusion 536

The history-agnostic decoding process of diffusion 537

language models inherently suffers from substan- 538

tial computational redundancy. To address this, 539

we propose CreditDecoding, a training-free decod- 540

ing strategy orthogonal to mainstream acceleration 541

methods. Specifically, it assigns a trace credit to 542

each candidate token by accumulating historical 543

logit predictions from remasked steps, and subse- 544

quently fuses this credit into the current logits. 545

By fully leveraging the model’s past predictions 546

on remasked tokens for the first time, CreditDe- 547

coding reduces the complexity of current inference 548

steps. This leads to simultaneous improvements 549

in performance and decoding efficiency, achieving 550

a 5.48×speedup and an average accuracy gain of 551

+0.48 compared to standard LLaDA-8B-Instruct. 552

Ultimately, CreditDecoding aims to approach 553

the theoretical limit of acceleration (indicated by 554

the yellow-blue boundary in Figure 5). As more 555

powerful base models emerge, the acceleration ceil- 556

ing of CreditDecoding will rise, leading to further 557

efficiency gains in model inference. 558
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Limitations559

Although CreditDecoding provides consistent ac-560

celeration and accuracy gains, it also has several561

limitations.562

First, it relies on the accumulation of historical563

evidence along the denoising trace, and thus re-564

quires a certain number of denoising steps to build565

effective trace credit. For pure-diffusion dLLMs566

that adopt small block sizes to sacrifice inference567

efficiency in exchange for better performance, and568

for dLLMs that are explicitly trained for aggres-569

sive parallel decoding whose logit distributions are570

sharp with fast confidence convergence, our ap-571

proach may not have enough denoising steps to572

accumulate sufficient trace credit. In these cases,573

the acceleration benefit becomes limited. Experi-574

ments in the Appendix C.4 also show that increas-575

ing the block size generally allows stronger credit576

accumulation and leads to larger speedup.577

Second, due to variations in dataset characteris-578

tics, such as data pattern or sample difficulty, and579

inherent model behavior, the optimal setting for α,580

β and γ may differ across tasks and models. Al-581

though we propose a tuning-free adaptive variant in582

Sec. 4.3 that yields stable and consistent improve-583

ments across model architectures, benchmarks, and584

parameter scales, it does not always achieve the585

theoretically optimal performance–efficiency trade-586

off. In practice, obtaining best benefit still requires587

lightweight hyperparameter search on a small vali-588

dation set.589
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A Statements750

In this section, we provide clarifications on issues751

that require explicit statements. The Ethics State-752

ment is omitted, as this work does not raise any753

ethical concerns.754

A.1 Reproducibility.755

We employed four widely adopted and advanced756

dLLM models, LLaDA-8B-Instruct, LLaDA-MoE-757

Instruct, LLaDA2-Mini and LLaDA2-Flash, along758

with their publicly available weights. Detailed ex-759

perimental configurations for each setup are pro-760

vided, and the specific metric configurations for761

score evaluation are included in Appendix B. We762

utilized TPF, a metric that is relatively robust to763

confounding factors, as it is not influenced by the764

number of GPUs, hardware model, or inference765

framework. Therefore, we argue that the results766

reported in this paper are highly reproducible.767

A.2 Use of LLMs768

In this study, LLMs were used solely to enhance769

the accuracy, coherence, and academic quality of770

the writing. We ensure that we did not use LLMs to771

generate any data or substantive content. All data772

are derived from our experiments, and all analyses773

and conclusions are the authors’ own. LLMs were774

employed only to improve readability and facili-775

tate readers’ understanding of our experiments and776

findings.777

B Evaluation Config778

Table 3: Benchmarks, their corresponding evaluation
metrics, and In-Context Learning (ICL) setup.

Benchmark Metric ICL

GSM8K Accuracy 0-shot
Math Accuracy 0-shot
SQuAD2.0 Score 1-shot
DROP Score 2-shot
MMLU Weighted Average 0-shot
KorBench Naive Average 0-shot
LCB OC Code Generation v6 Score 0-shot
OpenAI HumanEval Pass@1 0-shot

We employed OpenCompass to assist in the eval-779

uation process, ensuring a standardized and sys-780

tematic assessment. For each benchmark(LCB for781

LiveCodeBench), we utilized the specific metrics782

presented in Table 3, which allowed for a consis-783

tent and comprehensive comparison across differ-784

ent tasks. Regarding in-context learning (ICL) con- 785

figurations, all benchmarks were evaluated in a 786

zero-shot setting, except for Drop and SQuAD2, 787

which were evaluated in two-shot and one-shot set- 788

tings respectively. 789

C CreditDecoding Supplement 790

In this section, we provide additional details and 791

experiments related to CreditDecoding that were 792

not presented in the main body of the paper. 793

C.1 Deriving the Minimum Logit Gain 794

In this subsection, we derive the minimum gain X 795

induced by adding logX to a token logit, such that 796

the boosted token probability exceeds the confirma- 797

tion threshold. 798

Consider a fixed position i at denoising step t 799

with logits {li,ut }u∈V and the corresponding soft- 800

max distribution 801

pi,ut =
el

i,u
t∑

z∈V el
i,z
t

. (8) 802

Let v ∈ V be the token to be boosted. We apply a 803

logit gain: 804

l̂i,ut =

{
li,ut + logX, u = v,

li,ut , u ̸= v,
X ≥ 1, (9) 805

and define the enhanced distribution by softmax: 806

p̂i,ut =
el̂

i,u
t∑

z∈V el̂
i,z
t

. (10) 807

Substituting Eq. equation 9 into Eq. equation 10, 808

we obtain 809

p̂i,vt =
el

i,v
t +logX

el
i,v
t +logX +

∑
u̸=v e

li,ut

=
Xel

i,v
t

Xel
i,v
t +

∑
u̸=v e

li,ut

.

=
Xpi,vt

(1− pi,vt ) +Xpi,vt
.

(11) 810

To confirm token v under threshold τ ∈ (0, 1), we 811

require p̂i,vt ≥ τ . By Eq. equation 11, 812

X ≥ Xmin(p
i,v
t , τ) =

τ

1− τ
· 1− pi,vt

pi,vt
. (12) 813

Apparently, for under-confident tokens (e.g., pi,vt ≈ 814

1/|V|), the required credit X becomes prohibitively 815

large, validating that naive gain application is risky 816

in early denoising steps with unstable probabilities. 817
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Algorithm 1 CreditDecoding
1: Input: denoiser fθ , threshold τ , fusion strength α, decay

β, boost exponent γ
2: Initialize xT ← ([MASK], . . . , [MASK])
3: Initialize credit tensor C ← 0 ▷ C is maintained per

block
4: for t = T, T − 1, . . . , 1 do ▷ Denoising
5: for each decoding block [bs, be) do
6: xblk

t ← xt[bs:be]
7: m← I

[
xblk
t = [MASK]

]
▷ Prediction and Greedy selection

8: ℓ← fθ(xt)bs:be
9: p← Softmax(ℓ)

10: (pmax, vmax)← maxv∈V p(·)
11: ∆← (pmax)γ ⊙m

▷ Credit Update
12: C ← β · C ▷ Global decay
13: C ← C + ScatterAdd(C, vmax, ∆) ▷ Focused

enhancement
14: ℓ̂← ℓ+ α · log(1 + C) ▷ Logits fusion

▷ Threshold-based Decoding
15: p̂← Softmax(ℓ̂)
16: (smax, x̃)← maxv∈V p̂(·) ▷ Predicted tokens

and confidence
17: idx← (smax ≥ τ) ∧m ▷ Positions to decode

▷ Update block state
18: xt−1[bs:be]← where(idx, x̃, xblk

t )
19: end for
20: end for
21: return x0

C.2 Algorithm818

To accurately illustrate the workflow of the Credit-819

Decoding algorithm, we present its detailed steps820

in Algorithm 1. Here, T denotes the decoding step,821

and r,s,t correspond to the mask ratios of the pre-822

vious, current, and subsequent steps, respectively.823

Lines 4–12 describe the process of trace credit accu-824

mulation, where historical trace credits are decayed825

by a factor β and the token with the highest con-826

fidence is assigned additional trace credit. Lines827

13–14 show the application of trace credit, in which828

past information is integrated into the current step829

by fusing it with the original logits. Finally, Lines830

16–23 represent the mainstream approach to par-831

allel decoding, namely the thresholding method,832

whose effectiveness has been demonstrated in Fast-833

dLLM(Wu et al., 2025).834

C.3 Ideal Decoding Boundary835

In Figure 8, we illustrate the decoding boundaries836

of three methods, LLaDA, Fast-dLLM, and Cred-837

itDecoding, within a single plot. Figure 5 further838

presents the decoding boundaries (highlighted by839

red lines) from the perspective of confidence rank,840

along with an analysis of the ideal decoding bound-841

ary. For a more intuitive comparison, the ranges842

of the plots in Figure 8 are aligned, whereas the843

Figure 8: Decoding Boundary between token stabi-
lization and final decoding. Evaluated on GSM8K
using LLaDA-8B-Instruct, the red curve represents the
theoretical decoding bound, while others show actual
confirming bound. The persistent gap highlights the
computational redundancy where correct tokens are re-
peatedly remasked despite early stabilization.

vertical scales of the three subplots in Figure 5 844

differ to emphasize the detailed variations intro- 845

duced by thresholding. The line connecting the 846

first appearance of yellow points, which indicate 847

the initial top-1 confidence, represents the ideal 848

decoding boundary. 849

It is worth noting that, as shown in Figure 5, 850

different methods yield different ideal decoding 851

boundaries. This variation arises because each 852

method receives distinct inputs at every step, re- 853

sulting in different confidence distributions. Impor- 854

tantly, stronger models or more effective methods 855

tend to produce an ideal decoding boundary that 856

shifts upward. Our CreditDecoding approach, how- 857

ever, is orthogonal to most existing methods and 858

can further improve their ideal decoding bound- 859

aries, bringing the actual decoding boundary closer 860

to the ideal one. 861

In Figure 9, we visualize the accumulated de- 862

coded tokens per step for LLaDA, Fast-dLLM, and 863

CreditDecoding on specific datasets. Two key ob- 864

servations emerge: First, same method speedup 865

varies across datasets. Second, CreditDecoding 866

consistently outperforms Fast-dLLM, especially on 867

SQuAD2.0, where it reduces the decoding steps by 868

an additional 5% step compared to Fast-dLLM’s 869

20% step. As an orthogonal method, CreditDe- 870

coding offers greater improvements with higher 871

speedups. 872

C.4 Block Length Ablation 873

In the parallel decoding framework of generative 874

models, the choice of generation block length di- 875
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(a) Normalized Decoding Progress on GSM8K (b) Normalized Decoding Progress on SQuAD2.0

Figure 9: Normalized Decoding Progress w/o Early Stop on GSM8K and SQuAD2.0. We demonstrate the decoding
progress through visualizing the accumulated number of decoded tokens per step, using LLaDA-8B-Instruct with
generation length = 256 and block size = 64.In order to ensure comparability of the decoding progress, we did not
use early stopping. The vertical dashed lines in the figure mark the decoding step at which each method completes,
and the ratio of these steps represents the speedup.

Figure 10: Block Length Abaltion Study

rectly determines the balance between system per-876

formance and efficiency. Through block length877

ablation experiments analyzing Fast-dLLM and878

CreditDecoding, as shown in Figure 10, it can879

be observed that when the block length is set880

to 64, both methods demonstrate relatively supe-881

rior comprehensive performance. Under this con-882

figuration, both CreditDecoding and Fast-dLLM883

achieve excellent average scores, indicating that884

this scale fully unleashes the potential of block-885

level generation mechanisms without significantly886

sacrificing generation quality. In contrast, smaller887

block lengths (such as 32) can maintain high per-888

formance levels but result in significantly lower889

decoding speeds, making it difficult to meet the890

high-throughput requirements of practical deploy-891

ment. Meanwhile, larger block lengths (such as892

256 and above) significantly improve TPF but lead 893

to a sharp performance decline. Therefore, a block 894

length of 64 achieves the optimal balance between 895

maintaining generation performance and achieving 896

parallel acceleration, making it an ideal choice that 897

considers both accuracy and practicality. 898

Further comparison between CreditDecoding 899

and Fast-dLLM, as illustrated in Figure 10, re- 900

veals that CreditDecoding demonstrates greater ad- 901

vantages in overall performance. In terms of per- 902

formance, CreditDecoding consistently performs 903

on par with or slightly better than Fast-dLLM un- 904

der medium and small block lengths , reaching its 905

performance peak at a block length of 32, which 906

demonstrates stronger capabilities. Even when both 907

methods experience performance degradation un- 908

der large block lengths, CreditDecoding still ex- 909

hibits better error control. Regarding speed, Credit- 910

Decoding shows higher TPF across all block length 911

scales, and the performance gap widens as block 912

length increases, reflecting its architectural advan- 913

tages in parallel scenarios. In summary, Credit- 914

Decoding’s core value lies in its superior genera- 915

tion performance compared to Fast-dLLM, along 916

with higher overall efficiency. Future work could 917

explore adaptive block sizing or hybrid decoding 918

strategies to dynamically adjust block length and 919

further optimize the balance between performance 920

and speed across different sequence lengths. 921
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(a) Token Confidence(GSM8K) (b) Token Confidence(HumanEval)

(c) Baseline Confidence Convergence(GSM8K)

(d) Baseline Confidence Conv.(HumanEval)

(e) Credit Confidence Conv(GSM8K))

(f) Credit Confidence Conv.(HumanEval)

Figure 11: Token confidence across datasets. Figures (a) and (b) present the average confidence of N tokens at
each position during inference. Figures (c)–(f) illustrate the convergence behavior of four representative tokens
located at positions 10, 64, 128, and 192, respectively. Results in (a), (c), and (e) are sampled from GSM8K, while
those in (b), (d), and (f) are from HumanEval. Panels (c) and (d) show baseline convergence, and (e) and (f) show
convergence with CreditDecode.
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Figure 12: A case study comparing the confidence evo-
lution of a target token under Fast-dLLM and CreditDe-
coding. It illustrates the direct impact of trace credits on
a single token. While this local gain appears minor, it
iteratively improves the context for subsequent tokens,
which ultimately yields a 21.3% reduction in total infer-
ence steps.

C.5 Contextual Cumulative Effect922

Notebly, CreditDecoding does not merely acceler-923

ate the confirmation of an individual token; by con-924

firming some tokens earlier, it improves the context925

for subsequent denoising steps and can increase926

the confidence of other still-masked positions as927

well. Figure 12 provides a representative example:928

although CreditDecoding reduces the number of929

denoising steps, the confidence trajectory of the930

target token remains largely unchanged, suggesting931

that the speedup mainly stems from earlier confir-932

mations enabled by improved intermediate context,933

rather than altering the model’s intrinsic predic-934

tions.935

C.6 Dataset-Dependent Decoding Traces936

Further analysis in Figure 11 compares GSM8K937

and HumanEval. GSM8K requires more context938

from prior steps, leading to delayed but sharp confi-939

dence gains, while HumanEval shows earlier, grad-940

ual confidence increases. With CreditDecoding,941

HumanEval retains its confidence trend while re-942

ducing inference steps, whereas GSM8K experi-943

ences minor fluctuations that contribute to the per-944

formance drop reported in Table 1.945

In Figures 11 (c) and (d), we observe the con-946

fidence convergence of four specific tokens. On947

GSM8K, the confidence increase is delayed for948

tokens later in the sequence, indicating that later949

tokens rely on earlier tokens to build confidence.950

Once earlier tokens are confirmed, confidence in-951

creases rapidly. On HumanEval, confidence in-952

Table 4: Orthogonality analysis of CreditDecoding (CD)
combined with various optimizations. The baseline set-
ting is w/o Early Stop. Values in parenthesis/subscript
denote the improvement brought by CD.

Method TPS TPF Score

LLaDA-8B-Instruct

Standard Inference 7.95 1.00 60.12
+ CreditDecoding 34.90+339% 15.39+1439% 60.73+0.61

Fast-dLLM (w/o KV) 28.90 12.64 60.11
+ CreditDecoding 34.90+21% 15.39+22% 60.73+0.62

Fast-dLLM (w/ KV) 39.38 4.42 58.51
+ CreditDecoding 51.40+31% 14.00+217% 58.63+0.12

Early Stop 9.70 1.00 59.94
+ CreditDecoding 37.33+285% 6.98+598% 60.75+0.81

Pytorch Compiler 9.03 1.00 60.26
+ CreditDecoding 39.51+337% 15.41+1441% 60.43+0.17

LLaDA-MoE-Instruct

Standard Inference 3.53 1.00 62.73
+ CreditDecoding 15.26+333% 14.80+1380% 62.97+0.24

Fast-dLLM (w/o KV) 13.30 13.08 62.74
+ CreditDecoding 15.26+15% 14.80+13% 62.97+0.23

FP8 Quantization 2.72 1.00 62.47
+ CreditDecoding 11.87+336% 14.45+1345% 62.58+0.11

Early Stop 5.11 1.00 62.66
+ CreditDecoding 16.99+233% 4.77+377% 62.92+0.26

Pytorch Compiler 2.42 1.00 63.29
+ CreditDecoding 10.72+343% 14.88+1388% 62.99−0.3

creases earlier in the sequence but at a slower rate. 953

In Figures 11 (e) and (f), after applying Credit- 954

Decoding, we see that for HumanEval, CreditDe- 955

coding retains the original confidence trends while 956

reducing the total inference steps, leading to faster 957

inference without loss of accuracy. For GSM8K, 958

early predictions introduce slight confidence fluctu- 959

ations, contributing to the performance degradation 960

observed in Table 1. 961

CreditDecoding essentially reduces the inference 962

complexity by leveraging past judgments, improv- 963

ing both accuracy and efficiency. Its goal is to 964

approach the yellow-blue boundary in Figures (a) 965

and (b), representing the theoretical limit of accel- 966

eration. As more powerful base models emerge, 967

the acceleration ceiling of CreditDecoding will in- 968

crease, leading to further efficiency gains in model 969

inference. 970

C.7 Orthogonality 971

In Section 5.6, we demonstrate the orthogonality 972

and compatibility of CreditDecoding through ex- 973

periments combining it with several acceleration 974

techniques. Results show that CreditDecoding con- 975

sistently improves both speed and performance 976
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Table 5: Main benchmark results w/ Early Stop
across eight datasets on LLaDA-8B-Instruct (Gen
Length=256, Block Size=64). Cells show Score (top,
relative to LLaDA) and TPF (bottom, improvement over
Fast-dLLM).

Benchmark Score

TPF
Fast-dLLM CD CD†

MMLU 62.43−0.03 63.78+1.32 63.66+1.20

2.86 4.57+56% 3.38+18%

SQuAD2.0 91.43+0.00 91.71+0.28 91.48+0.05

13.55 16.84+24% 15.07+11%

DROP 82.74−0.12 82.78−0.08 82.70−0.16

2.93 3.79+29% 3.15+8%

KorBench 33.20+0.08 35.04+1.92 33.92+0.80

3.72 5.03+35% 4.43+19%

HumanEval 34.15−0.61 36.59+1.83 37.80+3.04

3.82 4.69+23% 4.18+9%

LCB 8.15+0.00 7.54−0.61 7.71−0.44

1.93 2.17+12% 2.00+4%

GSM8K 78.47+0.53 77.18−0.76 77.48−0.46

3.22 3.87+20% 3.39+5%

Math 37.04−0.26 37.24−0.06 37.18−0.12

2.42 2.84+17% 2.55+5%

Average 53.45−0.05 53.98+0.48 53.99+0.49

4.31 5.48+27% 4.77+11%

across all tested methods.977

In this section, we provide brief introductions to978

the acceleration methods discussed in Section 5.6979

and include additional TPS results to better illus-980

trate CreditDecoding’s effectiveness, particularly981

on system-level accelerations that mainly improve982

TPS. We also extend our orthogonality analysis983

to LLaDA-MoE, with detailed results presented984

below.985

We evaluate its orthogonality on four represen-986

tative acceleration techniques, as illustrated in Fig-987

ure 1.988

Early Stop: Early Stop terminates decoding989

when the current token is <EOS> and all previous990

tokens are finalized, effectively reducing redundant991

generation and improving decoding efficiency.992

Fast-dLLM (Wu et al., 2025): A state-of-the-art993

acceleration method consisting of threshold-based994

parallel decoding and KV Cache. Since the KV995

Cache significantly increases TPS at the cost of996

performance, we mainly compare with Fast-dLLM997

(w/o KV).998

PyTorch Compiler (Jain et al., 2023): PyTorch999

Compiler leverages graph-level optimizations for1000

runtime acceleration without altering decoding be-1001

havior.For MoE architecture, compiler can fuse1002

MoE kernel which highly accelerate the inference1003

Table 6: Main benchmark results w/ Early Stop
across eight datasets on LLaDA-MoE-Instruct. (Gen
Length=256, Block Size=64). Cells show Score (top,
relative to LLaDA-MoE) and TPF (bottom, improve-
ment over Fast-dLLM).

Benchmark Score

TPF
Fast-dLLM CD CD†

MMLU 64.08+0.00 64.21+0.13 63.94−0.14

2.16 2.46+14% 2.33+8%

SQuAD2.0 86.88+0.00 87.27+0.39 87.35+0.47

7.09 9.64+36% 8.41+19%

DROP 80.16+0.00 79.72−0.44 79.87−0.29

2.73 3.28+20% 2.92+7%

KorBench 36.88+0.16 36.48−0.24 36.64−0.08

2.36 3.28+38% 2.73+16%

HumanEval 51.22+0.00 51.22+0.00 53.05+1.83

4.97 6.00+21% 5.45+10%

LCB 14.04+0.16 14.37+0.49 14.65+0.77

2.43 2.81+16% 2.55+5%

GSM8K 74.45+0.08 74.98+0.61 74.37+0.00

2.28 2.68+18% 2.42+6%

Math 35.84−0.18 36.28+0.26 36.26+0.24

2.35 2.71+15% 2.48+6%

Average 55.44+0.02 55.57+0.15 55.77+0.35

3.30 4.11+25% 3.66+11%

process. 1004

FP8 Quantization (Kwon et al., 2023): FP8 1005

quantization is a technique that reduces the pre- 1006

cision of floating-point numbers to 8-bit, aiming 1007

to accelerate deep learning models by lowering 1008

storage and computation costs while maintaining 1009

sufficient accuracy. 1010

Table 4 presents detailed results corresponding 1011

to Figure 1, including TPS comparisons and reports 1012

results under the same settings on LLaDA-MoE, 1013

further including FP8 quantization. 1014

C.8 Full-Distribution Trace Credit 1015

In Sec. 4.2, trace credit is accumulated only on 1016

the decoded (top-1) token at each step. This 1017

focused strategy concentrates reinforcement and 1018

yields stronger acceleration, but it may ignore use- 1019

ful probability mass on other plausible candidates. 1020

To examine the generality of credit accumulation 1021

beyond the top-1 hypothesis, we also consider a 1022

full-distribution variant that updates all tokens: 1023

Ci,v
t = βCi,v

t+1 + (pi,vt )γ , ∀v ∈ V. (13) 1024

By aggregating historical evidence over the entire 1025

predictive distribution, this variant becomes less 1026

sensitive to transient noise and confidence oscilla- 1027

tion. Intuitively, it can achieve slightly higher accu- 1028
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racy but weaker acceleration compared to the stan-1029

dard version, forming a more conservative trade-off1030

option.1031

We evaluate this full-distribution variant (de-1032

noted as CD†) alongside the standard CreditDecod-1033

ing (CD). Tables 5 and 6 report results on LLaDA-1034

8B-Instruct and LLaDA-MoE-Instruct across eight1035

benchmarks.1036

Overall, CD† delivers slightly larger accuracy1037

improvements than CD (+0.49 vs. +0.48 on1038

LLaDA-8B and +0.35 vs. +0.15 on LLaDA-MoE),1039

while incurring around 10% lower speedup due to1040

its weaker reinforcement strength. Nevertheless,1041

CD† still achieves substantial acceleration, show-1042

ing that aggregating credit over the full predictive1043

distribution remains effective relative to the base-1044

line.1045

These results provide two important insights.1046

First, the comparable (and sometimes higher) ac-1047

curacy of CD† indicates that credit accumulation1048

is fundamentally general and does not rely on re-1049

inforcing only the final decoded token. Second,1050

CD achieves stronger acceleration, indicating that1051

assigning credit only to the top-1 predicted token1052

is sufficient. Since the decoded token typically re-1053

mains the top-1 prediction for several consecutive1054

steps, this focused reinforcement is both stable and1055

computationally efficient.1056

Unlike CD, the full-distribution variant requires1057

maintaining credits for every token in the vocab-1058

ulary and updating them at each denoising step,1059

which introduces non-trivial memory and computa-1060

tional overhead. Therefore, CD provides a better1061

efficiency–accuracy trade-off and remains the rec-1062

ommended default in practice.1063
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