CreditDecoding: Accelerating Parallel Decoding in Diffusion Large
Language Models with Trace Credits

Anonymous ACL submission

Abstract

Diffusion large language models (ALLMs) gen-
erate text through iterative denoising. In com-
monly adopted parallel decoding schemes, each
step confirms only high-confidence positions
while remasking the others. By analyzing
dLLM denoising traces, we uncover a key inef-
ficiency: models often predict the correct target
token several steps before its confidence be-
comes high enough to be decoded. This gap be-
tween early prediction and late decoding forces
repeated remasking of already-correct tokens,
causing redundant iterations and limiting accel-
eration. To exploit this temporal redundancy,
we introduce Trace Credit to quantify a token’s
decoding potential by accumulating historical
evidence. Building on this, we propose Cred-
itDecoding, a training-free parallel decoding
method that fuses Trace Credit with current
logits to boost the confidence of correct but
underconfident tokens, thereby accelerating de-
noising and improving robustness. On eight
benchmarks, CreditDecoding achieves up to
5.48 x speedup with +0.48 accuracy on LLaDA-
8B , and consistently improves performance
across diverse dLLM architectures and param-
eter scales. It further scales to long contexts
and remains orthogonal to mainstream infer-
ence optimizations, making it a practical and
applicable solution.

1 Introduction

Diffusion-based large language models (dLLMs)
have recently emerged as a promising alternative to
autoregressive models (ARMs) for text generation
(Yeetal.,2025; Nie et al., 2025; Zhu et al., 2025a,b;
Gong et al., 2025b,a; Song et al., 2025; Yang et al.,
2025; Kim et al., 2025a). Unlike ARMs that pre-
dict tokens strictly left-to-right, dLLMs generate
text through iterative denoising with bidirectional
attention, enabling richer contextual dependencies.
This paradigm has demonstrated advantages in rea-
soning and generation quality (Nie et al., 2025; Ye

w/o CreditDecoding

61AS *
x16.39 TPF 20 ’\QQé
77 TPF +0.17AS.q *
NAor

w CreditDecoding
61.0

60.5 - PyTorch compiler,

LLaDA@——"" x
Fast-dLLM (w/o KV)

60.0

Early stop

Average Score (AS)
w w
© ©
o w

x3.17 TPF #0.12AS

Fast-dLLM (w KV)
0.0 25 5.0 75 10.0 125 15.0 175
TPF

Figure 1: Acceleration methods (dots) vs. their perfor-
mance with CreditDecoding (stars) on LLaDA.

et al., 2025). However, inference efficiency remains
a major bottleneck: dLLMs typically require redun-
dant denoising steps to predict all masked tokens,
and the use of bidirectional attention precludes a
lossless KV cache (Yu et al., 2025).

To accelerate inference, recent work has focused
on improving the effectiveness and efficiency of
parallel decoding in dLLMs (Yu et al., 2025; Wei
et al., 2025). At each denoising step, the model
first predicts all masked tokens and then selects
a subset of high-confidence positions to decode,
while remasking the remaining uncertain tokens for
future refinement (Yu et al., 2025). This strategy
allows multiple tokens to be updated in parallel and
has proven both simple and effective. Nevertheless,
it suffers from two key limitations:

(i) Computational redundancy. In many cases,
tokens are predicted early but decoded late due to
low confidence, causing repeated prediction. Fig-
ure 5 shows the resulting temporal gap between
initial prediction and final decoding.

(ii) History-agnostic Decoding. As the context is
iteratively updated and may include mispredicted
tokens, the confidence of otherwise stable tokens
can fluctuate or even regress (Wang et al., 2025).
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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 independent
of predictions from previous steps, without lever-
aging the historical consistency of tokens. This un-
dermines convergence and propagates errors across
steps, reducing decoding robustness.

To address these issues, we propose CreditDe-
coding, a training-free parallel decoding strategy
for dLLMs. It assigns each token a trace credit
score that accumulates historical logits across steps.
This score acts as a prior condition fused with the
current logits to boost confidence. CreditDecod-
ing reduces redundant iterations while stabilizing
predictions against temporary inconsistencies.

We evaluate CreditDecoding on four dLLMs
across eight benchmarks covering knowledge, rea-
soning, and coding. Experiments show that Credit-
Decoding achieves consistent speedups with mod-
est performance uplift across a diverse set of dLLM
architectures and benchmarks, while remaining or-
thogonal to mainstream optimizations such as KV
cache (Feng et al., 2025) and kernel fusion (Jain
et al., 2023). In summary, our work makes the
following contributions:

* We analyze threshold-based parallel decod-
ing and identify computational redundancy
and history-agnostic decisions as key bottle-
necks. We further find temporal consistency in
confidence trajectories across denoising steps,
providing an effective prior for acceleration.

* We propose CreditDecoding, a training-free
method that accumulates trace credits as a
token-level prior to accelerate inference. We
also introduce a tuning-free variant to improve

usability. On LLaDA-8B-Instruct, the primary
approach achieves up to 5.48 x speedup while
improving task performance.

* We demonstrate the scalability, generality,
and orthogonality of CreditDecoding. It
scales effectively across a wide range of
model sizes and context lengths, while main-
taining seamless compatibility with main-
stream optimizations (Figure 1).

2 Related Work

Diffusion Language Models Diffusion large lan-
guage models (dLLMs) replace left-to-right pre-
diction with iterative denoising, enabling order-
agnostic and parallel token updates with bidirec-
tional context (Nie et al., 2025; Ye et al., 2025).
Representative systems include Dream and the
LLaDA family, with extensions to code, large-scale
training, and multimodal/vision-conditioned set-
tings (Ye et al., 2025; Nie et al., 2025; Zhu et al.,
2025a,b; Gong et al., 2025b,a; Song et al., 2025;
You et al., 2025; Yang et al., 2025). Variants fur-
ther explore flexible-length and any-order masking
(Kim et al., 2025a). Theoretically, dLLMs can ap-
proach autoregressive quality but typically require
multiple denoising steps, with complexity that may
grow with stricter sequence-level correctness and
longer context (Feng et al., 2025; Liu et al., 2025a).
Practically, unlike ARMs, dLLMs lack lossless KV
caching and often incur high latency due to many
denoising iterations (Cobbe et al., 2021; Hendrycks
et al., 2021b; Chen et al., 2021; Jain et al., 2024).
Inference Acceleration and Decoding Strate-



gies To reduce latency, parallel decoding samples
multiple tokens per step, and reuse or caching of
bidirectional-attention outputs or other stable com-
putations can further cut runtime without retrain-
ing (Yu et al., 2025; Wei et al., 2025; Liu et al.,
2025b). Beyond speed, planning and ordering
methods (e.g., path-planning remasking, adaptive
ordering, calibration, or attention pruning) improve
robustness and efficiency (Peng et al., 2025; Kim
et al., 2025b; Huang et al., 2025; Chen et al., 2025),
and some incorporate temporal/historical signals
(Wang et al., 2025). However, many score-based
strategies remain largely history-agnostic, relying
on current-step confidence, which can induce step-
level instability and redundant remasking until con-
fidence converges.

3 Preliminary

3.1 Inference Process of dLLMs

A Diffusion Large Language Model (dLLMs) gen-
erates discrete text sequences by iteratively denois-
ing a fully masked input. dLLMs formulate gener-
ation as a stochastic reverse denoising process that
starts from an all-[Mask] sequence and gradually
recovers the clean sequence.

Let z € V! be a sequence of length L over a vo-
cabulary V. At each discrete step ¢ € {0,...,T},
let x; denote the corrupted sequence and M; C
{1,..., L} be the set of masked positions. We use
n: € [0, 1] to denote the masked ratio, following a
forward schedule where noise increases with ¢.

The core component is a denoising model fy
that maps a corrupted sequence x; to logits [} =
fo(x¢). These logits parameterize the probability
distribution of the original token at each position %:

py(- | ©¢) = Softmax(i}). (1)

This order-agnostic formulation enables the
model to predict masked tokens based on arbitrary
visible context. During inference, the denoising
process starts from z7 and iteratively refines the
state until the clean sequence x is fully recovered.
At each denoising step ¢, the transition from x; to
x¢_1 is defined as:
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Here, 7i(-) = Tten + Aty (- | @), and
e, denotes the one-hot vector of the [Mask].

Intuitively, at each masked position, the token
either remains masked or is predicted by the model
based on the schedule. In practical parallel de-
coding, high-confidence tokens from py(-|x;) are
decoded and updated into z;_;, while uncertain
positions are remasked for future refinement. This
procedure iterates until My = @.

Moreover, many implementations adopt a block-
wise strategy: the sequence is partitioned into
blocks, and tokens within the current block can
be decoded while external tokens serve as fixed
context. This limits the impact of uncertain tokens,
reducing error propagation and improving stability.

3.2 Parallel Decoding

dLLMs naturally support recovering mask tokens
in parallel. Assuming conditional independence at
each step ¢, the joint distribution is approximated by
the product of marginals. For each masked position
1 € M; and token v € V, we greedily sample
candidate tokens 7! = arg max, pj(v | z¢) and its
confidence score s; = py (T} | xy).

Previous work validates that high-confidence
marginals effectively approximate the joint dis-
tribution (Wu et al., 2025). Based on this, the
mainstream strategy decodes a subset of tokens
Iy = {i € My | st > 7} whose confidence exceeds
a threshold 7. Tokens in I; are decoded in parallel,
while the rest remain masked (Figure 2).

Beyond simple probability, other scoring func-
tions (e.g., negative entropy, probability margins.)
and sampling schemes (e.g., top-k, adaptive sched-
ules) have also been explored.

4 Methodology

4.1 Observations

In this section, we analyze limitations of threshold-
based parallel decoding in dLLM inference. For
each position i, we define the farget token x;" as
the token with ID v ultimately decoded at position
1 in the final output sequence.

Figure 3 (blue line) visualizes how the confi-
dence of xé’v evolves over denoising process. Many
tokens are repeatedly sampled as candidate tokens
and predicted long before they get final decoded.
particularly pronounced under single-token decod-
ing schemes, which, despite this inefficiency, often
lead to higher final accuracy (Feng et al., 2025).
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Figure 3: Impact of CreditDecoding on xé%’” confi-
128,v

dence. The shadow region marks steps where x
achieves top-1 conf, CreditDecoding reduces steps by
boosting confidence and entering this region earlier.

This observation reveals two limitations of ex-
isting methods: (i) Redundant computation. De-
cisions are gated by instantaneous confidence, so
correct hypotheses are repeatedly predicted and re-
masked until si exceeds 7. (ii) History-agnostic
decoding. Each step ignores past predictions; tran-
sient mispredictions can delay decoding and propa-
gate errors to later denoising steps.

A natural idea is to promote early decoding by
boosting the confidence of target tokens so that
they cross the threshold earlier. For practicality and
analytical tractability in the probability domain, we
add a gain of the form log X (X > 1) to the target-
token logit. Specifically, for a target token ", we
enhance its logit [} as:

I =1" +log X, (4)

where lZf” is the corresponding fused logit.

Let p;” = py(v | x¢) denote the current prob-
ability of token v at position 7. When :Ué’” is the
predicted token at step ¢, we have si = pi’”. It
is straightforward to show that the minimum gain
required to ensure 3. = p,;¥ > T is:

T 1
’ ( 2,0
Y2

X > Xmin(p?v77—) =

~1). &

1—71

Eq. 5 shows that the required gain is highly sen-
sitive to ﬁi’v. However, early-step probabilities
are unstable and the true target token is unknown.
Naively applying X iy can amplify noise and lead
to irreversible decoding errors. This motivates a
token-level trace credit CZ Y that aggregates his-
torical evidence and serves as an adaptive gain for
the current prediction. Intuitively, credit measures
a candidate’s likelihood of converging to high con-
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Figure 4: Temporal consistency. Results are obtained on
GSMBS8K with threshold-based parallel decoding. Curves
correspond to tokens grouped by total denoising steps.

fidence, enabling earlier yet safer decoding. The
derivation is provided in Appendix C.1.

4.2 CreditDecoding

In this section, we introduce CreditDecoding, a
training-free mechanism that enables earlier and
safer decoding in parallel decoding.

Temporal Consistency Formally, we define
the denoising trace 7 as the ordered collection of
predicted tokens and their confidence during the
denoising process. Specifically, at each step ¢ from
T down to 0, all predicted tokens Z; and confidence
scores s; are appended to 7T .

As shown in Figure 4, the confidence of the
eventual target token xé’v exhibits a consistently
increasing trend and quickly approaches 1 as it
nears decoding. Moreover, this trend is largely in-
sensitive to the length of 7, suggesting that the
confidence of a target token is determined mainly
by its denoising stage (i.e., the remaining steps).

Motivated by this property, we use an EMA-
based credit to aggregate temporal evidence into a
stable prior, predicting whether the current greedy
token 7% will eventually be decoded.

Definition of Trace Credit During inference,
we maintain token-level credits independently for
each position. At each denoising step ¢, for ev-
ery masked position ¢ € M; and token v € V,
we maintain a credit value C;"” € Rx( that accu-
mulates historical evidence from T for supporting
token v at position ¢. Given the predicted token
7!, credits are updated via an EMA-style rule that
reinforces 7%

, sopt + "), v=1i,
i — 41 (i) t ©)

B C’tzfl, otherwise.
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Here 5 € (0,1) controls exponential decay, and
v € (0,1) is a concave transform that up-weights
low-confidence values, which is fixed in our imple-
mentation.

As illustrated in Figure 2, this update rule bal-
ances two dynamics. (i) Global decay: (3 gradually
forgets stale evidence, especially from tokens not
currently predicted, suppressing early-stage con-
fidence fluctuations. (ii) Focused enhancement:
only the currently predicted token Z: receives an ad-
ditional credit boost, so credit accumulates mainly
on tokens that remain consistently top-1 along the
denoising trace rather than on transient spikes.

For completeness, we also explore a variant that
aggregates historical evidence for all tokens. De-
tails are given in Appendix C.8.

Crucially, we fuse credit with logits to obtain a
sharpened predictive distribution:

LY =1"+a-log(Cr' +1) (7)

where @ > 0 controls the strength of the credit-
based prior. Eq. 7 is equivalent to applying a mul-
tiplicative gain to p;" in the probability domain,
yielding p;" = Softmax(7}).

Accordingly, the confidence score becomes 8 =
maXxycy ﬁi’”, and the predicted token under the en-
hanced distribution is ! = arg max, p;". Tokens
predicted consistently across steps thus accumu-
late credit, inducing an growing effective gain that
enables earlier decoding and reduces redundant
remasking. Conversely, unstable candidates are
down-weighted by decay, improving robustness to
transient fluctuations. In practice, we apply Credit-
Decoding only within the current denoising block
for inference efficiency. Algorithm 1 provides the
complete procedure.

Importantly, CreditDecoding modifies only the
output logits and seamlessly integrates with main-

stream inference optimizations to achieve cumula-
tive speedups.

4.3 Tuning-Free Schedule

To avoid hyperparameter tuning, we propose a step-
adaptive schedule that couples credit strength to
the denoising stage.

Let n; denote the mask ratio at step t. We set
v = 1 and use step-dependent coefficients 3; =
a; = 1—mn, to reflect the denoising progress, where
ay 1s the logit-fusion weight in Eq. 7.

In early steps, it down-weights trace credits to
counter unreliable confidence. As denoising pro-
gresses and 7, decreases, predictions stabilize and
credit strength increases automatically.

S Experiments

5.1 Experimental Setup

Implementation We implement CreditDecod-
ing on LLaDA-8B-Instruct (Nie et al., 2025) and
LLaDA-MoE-Instruct (Zhu et al., 2025b). Infer-
ence settings differ across experiments and may
deviate slightly from from the original papers. We
detail them in the corresponding sections. All ex-
periments are conducted on NVIDIA H20-3e 140
GB GPUs.

In the main experiments, we set the generation
length and number of steps to 256. Additional
experiments with different generation lengths are
reported in Section 5.5. Based on the analyses in
Appendix C.4 and Section 5.3, we set the block
size to 64, and the hyperparameters of CreditDe-
coding to a = 0.65, 5 = 0.7 and v = 0.2.

Evaluation Tasks In the main experiments, we
comprehensively evaluate CreditDecoding on eight
datasets spanning five categories. Specifically, we
evaluate inference performance on DROP (Dua
et al., 2019) and KorBench (Ma et al., 2025a),



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.

LLaDA-8B-Instruct

LLaDA-MoE-Instruct

Benchmark
enchmat Baseline Fast-dLLM CreditDecoding ‘ Baseline Fast-dLLM CreditDecoding
SCORE 6246 6243 003 6378 .13 | 6408 64.08000 6421 13
MMLU . . 1 2.86 4.57 (+56%) 1 2.16 2.46 (+14%)
score 9143 9143000 9171 1005 | 86.88 86.88000 8727 1030
SQUAD2.0 ., . 1 13.55  16.84 (+24%) 1 7.09 9.64 (+36%)
SCORE 82.86 8274 _.12 82.78 _o.0s 80.16 80.16 (.00 79.72 _0.44
DROP ... 1 2.93 3.79 (+29%) 1 273 3.28 (+20%)
score 3312 3320 1008 3504 190 | 3672 3688 016 3648 (2
KorBench ;. 1 3.72 5.03 (+35%) 1 2.36 3.28 (+38%)
HumanEva] SC07F 3476 3415 061 365915 | 5122 5122000 5122000
umaneval ;. , 1 3.82 4.69 (+23%) 1 4.97 6.00 (+21%)
LCB SCORE 8.15 8.15 0.00 7.54 —0.61 13.88 14.04 +0.16 14.37 +0.49
TPF 1 1.93 2.17 (+12%) 1 2.43 2.81 (+16%)
SCORE 7794 78.47 +0.53 7718 —0.76 7437 7445 +0.08 74-98 +0.61
GSMBK ;.- 1 3.22 3.87 (+20%) 1 228 2.68 (+18%)
|, SCORE 3730 37.04 _026 37.24 .06 36.02 3584 15 3628 96
Math ., 1 2.42 2.84 (+17%) 1 2.35 2.71 (+15%)
A SCORE 53.50 53.45_¢.05 53.98. .48 5542 5544 1002 55.57 0.5
verage ;... 1 431 5.48 (+27%) 1 3.30 4.11 (+25%)

language understanding on SQuAD, knowledge
assessment on MMLU (Hendrycks et al., 2021a),
coding ability on OpenAl HumanEval (Chen et al.,
2021) and LiveCodeBench (Jain et al., 2024), and
mathematical reasoning on GSM8K (Cobbe et al.,
2021) and Math (Hendrycks et al., 2021b). In the
ablation, scaling, and other analysis experiments,
due to computational constraints, we select five
representative datasets across categories: MMLU,
SQuAD, KorBench, HumanEval, and GSMS8K.

Evaluation metric We adopt the standard per-
formance metrics for each evaluation dataset, as
detailed in Appendix B. In addition, to examine
whether CreditDecoding can mitigate redundant
computation inherent in traditional dLLMs, we uti-
lize TPF (Tokens Per Forward) to evaluate dLLM
inference efficiency. We report single-run results
for each setting.

Early Stop In dLLM, early stopping changes
the generated length and thus significantly affects
TPF. Some studies disable it to boost TPF, as the
model quickly outputs the EOS token. However,
in practical applications it is usually enabled to

avoid redundant outputs. We enable Early Stop by
default, except in Figure 1 for better comparison.

5.2 Main Results

As shown in Table 1, we evaluate our method
on eight datasets using LLaDA-8B-Instruct and
LLaDA-MoE-Instruct. We use each benchmark’s
default performance metric and report TPF for in-
ference speed, with TPF of the baseline normalized
to 1. TPF of CreditDecoding thus directly reflects
speedup relative to the baseline.

Overall, CreditDecoding outperform the base-
line and SOTA Fast-dLLM in both performance
and speed. It achieves a 5.48 x speedup and 0.48
performance gain on LLaDA-8B-Instruct, and a
4.10x speedup on LLaDA-MoE-Instruct.

Figure 5 illustrates that after applying CreditDe-
coding, the red line representing the step of decod-
ing each token prediction becomes more horizontal,
indicating more parallel decoding within each step
and higher efficiency. While the baseline requires
all 256 steps, CreditDecoding completes decoding
in 50 steps, consistent with the 5x speedup in



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 CDh CD-Adaptive
Pure Dense LLaDA 8B 60.38/5.49 60.86/7.00 60.23/7.74
Diffusion MoE LLaDA-MoE 7B-A1B  62.70/3.77 62.83/4.81 63.74/5.27
Block MoE LLaDA2-Mini 16B-Al1B  76.23/2.01 76.69/226 76.92/2.15
Diffusion 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-
fidence respectively, with their boundary marking
the step where the model predict the target token
for the first time. The gap between the red line
and the boundary shows the redundant steps the de-
coding method brings. Traditional dLLMs discard
remasked token information, necessitating repeated
predictions and creating a gap between the red line
and the yellow-blue boundary.

Two observations in Figure 5 explain why Cred-
itDecoding speeds up decoding: The yellow-blue
boundary moves upward, denoting that model pre-
dict the target token earlier, improving the upper
limit of the red line. CreditDecoding decreases
the gap between the red line and the yellow-blue
boundary which mitigate redundant steps.

5.3 Hyperparameter Ablation Study

As discussed in Section 4.2, CreditDecoding has
three hyperparameters: [ for global decay, a for
logits fusion, and v for concave amplification. We
fix v and perform ablation studies on « and 3 in
the range [0, 0.95] with a step size of 0.05.

Figure 6 shows that performance fluctuates
slightly with « and 3, peaking around 5 = 0.5 and
8 = 0.7, while o remains stable within [0.2, 0.65].
Larger values of both parameters increase TPF by
accumulating more trace credit, but may reduce
accuracy. We select « = 0.65 and 8 = 0.7 as they
provide a good trade-off, yielding strong perfor-
mance and high TPF across five datasets, though
optimal values vary by dataset.

5.4 Generalizability

In this section, we demonstrate the generalizabil-
ity of CreditDecoding by conducting experiments
across models characterized by diverse paradigms
and scales. As shown in Table 2, in addition to
the LLaDA-8B-Ins and LLaDA-MoE-Ins models
discussed in the main results, we extended our
evaluation to include LLaDA2-Mini and LLaDA2-
Flash(Bie et al., 2025). Collectively, these experi-
ments encompass various training paradigms and
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Figure 6: Hyperparameter Ablation. Green: average
score; Yellow: average TPF. Solid: varying o with fixed
B = 0.70; Dashed: varying § with fixed o = 0.65.

architectures, spanning parameter scales from 8B
to 100B. We employed dInfer (Ma et al., 2025b)
for inference on LLaDA2-Mini and LLaDA2-Flash,
configuring the generation length to 2048 and the
block size to 32. Due to computational constraints,
we limit our comparison to Fast-dLLM, CreditDe-
coding, and the CreditDecoding-Adaptive, which
adapts to the step mask ratio introduced in Sec-
tion 4.3, omitting weaker baselines that are incom-
patible with parallel decoding.

Results in Table 2 yield two critical insights.
First, CreditDecoding strategy delivers more sub-
stantial efficiency gains in Pure Diffusion train-
ing paradigms due to its larger attention con-
text window. Second, and most significantly,
CreditDecoding-Adaptive serves as a universal,
tuning-free solution. Addressing the dataset-
dependent nature of denoising traces 7 (Ap-
pendix C.6), it eliminates the need for task-specific
hyperparameter tuning, thereby reducing deploy-
ment overhead. It yields superior generation scores
and remains significantly faster than Fast-dLLM,
balancing performance and usability with minimal
efficiency cost.

5.5 Scalability

Current research on dLLMs typically evaluates gen-
eration lengths of 128 or 256, with a few studies
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extending to 512. However, the primary advantage
of dLLMs over autoregressive models—parallel
decoding—is largely underutilized at such short
lengths. To address this, in this section we scale
the generation length to 1024 and 4096, aiming to
provide insights into the potential of dLLMs for
long-text generation.

We fix the number of steps equal to the genera-
tion length and set the block size to 64. Figure 7
shows that both the baseline and CreditDecoding
peak at length 512 and gradually degrade as length
increases. Notably, CreditDecoding consistently
outperforms the baseline and scales better with
generation length, demonstrating stronger robust-
ness in long-context scenarios

Crucially, the method sustains a consistent 7 X
TPF speedup across settings. As text length grows,
this relative speedup translates into increasingly
substantial absolute latency reductions, highlight-
ing its practical value in long-context scenarios.

5.6 Orthogonality

CreditDecoding operates purely on the model log-
its and does not interfere with the sample or select
procedures. This design makes it a plug-and-play
post-processing module that is naturally orthog-
onal to both (i) system-level inference optimiza-
tions such as compiler-level acceleration (Jain et al.,
2023), and (ii) algorithmic acceleration strategies
for dLLMs such as threshold decoding, KV-cache
variants, and EOS early stopping.

In all cases, we keep the hyperparameters and
selection rules of the baseline methods unchanged,
and only apply CreditDecoding on top. As demon-
strated in Figure 1, our experiments confirm this
orthogonality. When combined with CreditDecod-

ing, we observe that the speedup is preserved while
the performance drop is partially mitigated, show-
ing that historical trace credit acts as a stabilizing
prior under aggressive compression.

For algorithmic acceleration, threshold parallel
decoding (Fast-dLLM w/o KV cache (Wu et al.,
2025)) typically accelerates but at the cost of lower
accuracy. For EOS early stopping, CreditDecoding
complements the strategy by improving robustness
of token selection in earlier steps. Adding Credit-
Decoding further boosts both speed and accuracy,
with 4.7 x acceleration over the baseline with an ad-
ditional +0.63 improvement in average score. Sim-
ilarly, CreditDecoding alleviates the accuracy loss
of threshold decoding and complements KV-cache
methods by reducing redundant iterations within
cached segments. These results above demonstrate
that CreditDecoding can be seamlessly integrated
with existing optimizations to deliver consistent
performance gains.

Appendix C.7 provides details of our accelera-
tion methods and orthogonality experimental re-
sults for CreditDecoding on LLaDA and LLaVA-
MoE, including inference throughput (TPS).

6 Conclusion

The history-agnostic decoding process of diffusion
language models inherently suffers from substan-
tial computational redundancy. To address this,
we propose CreditDecoding, a training-free decod-
ing strategy orthogonal to mainstream acceleration
methods. Specifically, it assigns a trace credit to
each candidate token by accumulating historical
logit predictions from remasked steps, and subse-
quently fuses this credit into the current logits.

By fully leveraging the model’s past predictions
on remasked tokens for the first time, CreditDe-
coding reduces the complexity of current inference
steps. This leads to simultaneous improvements
in performance and decoding efficiency, achieving
a 5.48xspeedup and an average accuracy gain of
40.48 compared to standard LLaDA-8B-Instruct.

Ultimately, CreditDecoding aims to approach
the theoretical limit of acceleration (indicated by
the yellow-blue boundary in Figure 5). As more
powerful base models emerge, the acceleration ceil-
ing of CreditDecoding will rise, leading to further
efficiency gains in model inference.



Limitations

Although CreditDecoding provides consistent ac-
celeration and accuracy gains, it also has several
limitations.

First, it relies on the accumulation of historical
evidence along the denoising trace, and thus re-
quires a certain number of denoising steps to build
effective trace credit. For pure-diffusion dLLMs
that adopt small block sizes to sacrifice inference
efficiency in exchange for better performance, and
for dLLMs that are explicitly trained for aggres-
sive parallel decoding whose logit distributions are
sharp with fast confidence convergence, our ap-
proach may not have enough denoising steps to
accumulate sufficient trace credit. In these cases,
the acceleration benefit becomes limited. Experi-
ments in the Appendix C.4 also show that increas-
ing the block size generally allows stronger credit
accumulation and leads to larger speedup.

Second, due to variations in dataset characteris-
tics, such as data pattern or sample difficulty, and
inherent model behavior, the optimal setting for a,
5 and v may differ across tasks and models. Al-
though we propose a tuning-free adaptive variant in
Sec. 4.3 that yields stable and consistent improve-
ments across model architectures, benchmarks, and
parameter scales, it does not always achieve the
theoretically optimal performance—efficiency trade-
off. In practice, obtaining best benefit still requires
lightweight hyperparameter search on a small vali-
dation set.
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A Statements

In this section, we provide clarifications on issues
that require explicit statements. The Ethics State-
ment is omitted, as this work does not raise any
ethical concerns.

A.1 Reproducibility.

We employed four widely adopted and advanced
dLLM models, LLaDA-8B-Instruct, LLaDA-MoE-
Instruct, LLaDA2-Mini and LLaDA2-Flash, along
with their publicly available weights. Detailed ex-
perimental configurations for each setup are pro-
vided, and the specific metric configurations for
score evaluation are included in Appendix B. We
utilized TPF, a metric that is relatively robust to
confounding factors, as it is not influenced by the
number of GPUs, hardware model, or inference
framework. Therefore, we argue that the results
reported in this paper are highly reproducible.

A.2 Use of LLMs

In this study, LLMs were used solely to enhance
the accuracy, coherence, and academic quality of
the writing. We ensure that we did not use LLMs to
generate any data or substantive content. All data
are derived from our experiments, and all analyses
and conclusions are the authors’ own. LLMs were
employed only to improve readability and facili-
tate readers’ understanding of our experiments and
findings.

B Evaluation Config

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

Benchmark Metric ICL

GSMSK Accuracy 0-shot
Math Accuracy 0-shot
SQuAD?2.0 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
OpenAl HumanEval Pass@1 0-shot

We employed OpenCompass to assist in the eval-
uation process, ensuring a standardized and sys-
tematic assessment. For each benchmark(LCB for
LiveCodeBench), we utilized the specific metrics
presented in Table 3, which allowed for a consis-
tent and comprehensive comparison across differ-
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ent tasks. Regarding in-context learning (ICL) con-
figurations, all benchmarks were evaluated in a
zero-shot setting, except for Drop and SQuAD?2,
which were evaluated in two-shot and one-shot set-
tings respectively.

C CreditDecoding Supplement

In this section, we provide additional details and
experiments related to CreditDecoding that were
not presented in the main body of the paper.

C.1 Deriving the Minimum Logit Gain

In this subsection, we derive the minimum gain X
induced by adding log X to a token logit, such that
the boosted token probability exceeds the confirma-
tion threshold.

Consider a fixed position ¢ at denoising step ¢
with logits {/;"},cy and the corresponding soft-
max distribution

i

et

Pt = (8)

li,z °

ZzEV e

Let v € V be the token to be boosted. We apply a
logit gain:
U=,

l%',u _
! { u# v,

and define the enhanced distribution by softmax:
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To confirm token v under threshold 7 € (0, 1), we

require p;” > 7. By Eq. equation 11,
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Apparently, for under-confident tokens (e.g., pi’“
1/|V]), the required credit X becomes prohibitively
large, validating that naive gain application is risky

in early denoising steps with unstable probabilities.




Algorithm 1 CreditDecoding

1: Input: denoiser fy, threshold 7, fusion strength «, decay
B, boost exponent

: Initialize 7 < ([MASK], ...

. Initialize credit tensor C' < 0
block

, [IMASK])
> C'is maintained per

W N

4: fort=T,T—1,...,1do > Denoising
5: for each decoding block [bs, b.) do
6: 2 Z¢[bs:be]
7: m + [[zf™ = [MASK]]
> Prediction and Greedy selection
8: 0+ fe(l't)bs:be
9: p < Softmax(¢)
10: (p™M™, ™) — maxvev p(+)
11: A+ (p™) Om
> Credit Update
12: C«p-C > Global decay
13: C + C + ScatterAdd(C, v™**, A) > Focused
enhancement
14: C+—L+a-log(l+0C) > Logits fusion
> Threshold-based Decoding
15: p + Softmax(¥)
16: (sM*, ) < maxyecy p(-) > Predicted tokens
and confidence
17: idx < (s™™ > 7) Am > Positions to decode
> Update block state
18: Zt—1[bs:be] — where(idx, Z, xkt’"‘)
19: end for
20: end for

21: return xo

C.2  Algorithm

To accurately illustrate the workflow of the Credit-
Decoding algorithm, we present its detailed steps
in Algorithm 1. Here, T" denotes the decoding step,
and r,s,t correspond to the mask ratios of the pre-
vious, current, and subsequent steps, respectively.
Lines 4-12 describe the process of trace credit accu-
mulation, where historical trace credits are decayed
by a factor S and the token with the highest con-
fidence is assigned additional trace credit. Lines
13-14 show the application of trace credit, in which
past information is integrated into the current step
by fusing it with the original logits. Finally, Lines
16-23 represent the mainstream approach to par-
allel decoding, namely the thresholding method,
whose effectiveness has been demonstrated in Fast-
dLLM(Wau et al., 2025).

C.3 Ideal Decoding Boundary

In Figure 8, we illustrate the decoding boundaries
of three methods, LLaDA, Fast-dLLM, and Cred-
itDecoding, within a single plot. Figure 5 further
presents the decoding boundaries (highlighted by
red lines) from the perspective of confidence rank,
along with an analysis of the ideal decoding bound-
ary. For a more intuitive comparison, the ranges
of the plots in Figure 8 are aligned, whereas the

Jjf
i

8

Generation Step index

g

---- Ideal
w CreditDecoding
—— w Fast-dLLM
250 —— LLaDA-8B-Instruct

0 200 250

50 5 .IUD . ISP
Token Position in Generation Sequence

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
differ to emphasize the detailed variations intro-
duced by thresholding. The line connecting the
first appearance of yellow points, which indicate
the initial top-1 confidence, represents the ideal
decoding boundary.

It is worth noting that, as shown in Figure 5,
different methods yield different ideal decoding
boundaries. This variation arises because each
method receives distinct inputs at every step, re-
sulting in different confidence distributions. Impor-
tantly, stronger models or more effective methods
tend to produce an ideal decoding boundary that
shifts upward. Our CreditDecoding approach, how-
ever, is orthogonal to most existing methods and
can further improve their ideal decoding bound-
aries, bringing the actual decoding boundary closer
to the ideal one.

In Figure 9, we visualize the accumulated de-
coded tokens per step for LLaDA, Fast-dLLM, and
CreditDecoding on specific datasets. Two key ob-
servations emerge: First, same method speedup
varies across datasets. Second, CreditDecoding
consistently outperforms Fast-dLLM, especially on
SQuAD?2.0, where it reduces the decoding steps by
an additional 5% step compared to Fast-dLLM’s
20% step. As an orthogonal method, CreditDe-
coding offers greater improvements with higher
speedups.

C.4 Block Length Ablation

In the parallel decoding framework of generative
models, the choice of generation block length di-
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Figure 9: Normalized Decoding Progress w/o Early Stop on GSMS8K 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.
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Figure 10: Block Length Abaltion Study

rectly determines the balance between system per-
formance and efficiency. Through block length
ablation experiments analyzing Fast-dLLM and
CreditDecoding, as shown in Figure 10, it can
be observed that when the block length is set
to 64, both methods demonstrate relatively supe-
rior comprehensive performance. Under this con-
figuration, both CreditDecoding and Fast-dLLM
achieve excellent average scores, indicating that
this scale fully unleashes the potential of block-
level generation mechanisms without significantly
sacrificing generation quality. In contrast, smaller
block lengths (such as 32) can maintain high per-
formance levels but result in significantly lower
decoding speeds, making it difficult to meet the
high-throughput requirements of practical deploy-
ment. Meanwhile, larger block lengths (such as
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256 and above) significantly improve TPF but lead
to a sharp performance decline. Therefore, a block
length of 64 achieves the optimal balance between
maintaining generation performance and achieving
parallel acceleration, making it an ideal choice that
considers both accuracy and practicality.

Further comparison between CreditDecoding
and Fast-dLLM, as illustrated in Figure 10, re-
veals that CreditDecoding demonstrates greater ad-
vantages in overall performance. In terms of per-
formance, CreditDecoding consistently performs
on par with or slightly better than Fast-dLLM un-
der medium and small block lengths , reaching its
performance peak at a block length of 32, which
demonstrates stronger capabilities. Even when both
methods experience performance degradation un-
der large block lengths, CreditDecoding still ex-
hibits better error control. Regarding speed, Credit-
Decoding shows higher TPF across all block length
scales, and the performance gap widens as block
length increases, reflecting its architectural advan-
tages in parallel scenarios. In summary, Credit-
Decoding’s core value lies in its superior genera-
tion performance compared to Fast-dLLM, along
with higher overall efficiency. Future work could
explore adaptive block sizing or hybrid decoding
strategies to dynamically adjust block length and
further optimize the balance between performance
and speed across different sequence lengths.
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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 GSMS8K, 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 Effect

Notebly, CreditDecoding does not merely acceler-
ate the confirmation of an individual token; by con-
firming some tokens earlier, it improves the context
for subsequent denoising steps and can increase
the confidence of other still-masked positions as
well. Figure 12 provides a representative example:
although CreditDecoding reduces the number of
denoising steps, the confidence trajectory of the
target token remains largely unchanged, suggesting
that the speedup mainly stems from earlier confir-
mations enabled by improved intermediate context,
rather than altering the model’s intrinsic predic-
tions.

C.6 Dataset-Dependent Decoding Traces

Further analysis in Figure 11 compares GSM8K
and HumanEval. GSMS8K requires more context
from prior steps, leading to delayed but sharp confi-
dence gains, while HumanEval shows earlier, grad-
ual confidence increases. With CreditDecoding,
HumanEval retains its confidence trend while re-
ducing inference steps, whereas GSMS8K experi-
ences minor fluctuations that contribute to the per-
formance drop reported in Table 1.

In Figures 11 (c) and (d), we observe the con-
fidence convergence of four specific tokens. On
GSMBSK, the confidence increase is delayed for
tokens later in the sequence, indicating that later
tokens rely on earlier tokens to build confidence.
Once earlier tokens are confirmed, confidence in-
creases rapidly. On HumanEval, confidence in-
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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 3399, 15.39.1439% 60.73410.61
Fast-dLLM (w/o KV)  28.90 12.64 60.11

+ CreditDecoding  34.90.919, 15.39.559, 60.73.0.62
Fast-dLLM (w/ KV) 39.38 442 58.51

+ CreditDecoding 51.40319, 14.00, 5179, 58.63,0.12
Early Stop 9.70 1.00 59.94

+ CreditDecoding 37.33 9359, 6.98 508, 60.7540.581
Pytorch Compiler 9.03 1.00 60.26

+ CreditDecoding 39.51 3379, 15.41. 14419, 60.43. .17

LLaDA-MoE-Instruct

Standard Inference 3.53 1.00 62.73

+ CreditDecoding 15.26 3339, 14-80+138()% 62.97 024
Fast-dLLM (w/o KV) 13.30 13.08 62.74

+ CreditDecoding 1526159, 14.80, 139 62.97,0.23
FP8 Quantization 2.72 1.00 62.47

+ CreditDecoding 11.87 3369, 14.45, 13459 62.58,0.11
Early Stop 5.11 1.00 62.66

+ CreditDecoding 16.99 5330, 4.77+377% 62.92. .26
Pytorch Compiler 2.42 1.00 63.29

+ CreditDecoding 10.72 3439, 14.88, 13839, 62.99_¢3

creases earlier in the sequence but at a slower rate.

In Figures 11 (e) and (f), after applying Credit-
Decoding, we see that for HumanEval, CreditDe-
coding retains the original confidence trends while
reducing the total inference steps, leading to faster
inference without loss of accuracy. For GSM8K,
early predictions introduce slight confidence fluctu-
ations, contributing to the performance degradation
observed in Table 1.

CreditDecoding essentially reduces the inference
complexity by leveraging past judgments, improv-
ing both accuracy and efficiency. Its goal is to
approach the yellow-blue boundary in Figures (a)
and (b), representing the theoretical limit of accel-
eration. As more powerful base models emerge,
the acceleration ceiling of CreditDecoding will in-
crease, leading to further efficiency gains in model
inference.

C.7 Orthogonality

In Section 5.6, we demonstrate the orthogonality
and compatibility of CreditDecoding through ex-
periments combining it with several acceleration
techniques. Results show that CreditDecoding con-
sistently improves both speed and performance



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 o Fast-dLLM  CD cp'
MMLU 62.43_003 63.78, 132 63.66.1.20
2.86 4‘57+5(i%3 3'38+18%~,
SQUAD2.0 91.43 000 9171025 91.48 .05
13.55  16.84. 5,0, 15.07, 10
DROP 82.74_p12 82.78_00s 82.70_0.16
293 379.,00 3.15.4
KorBench 33.20+[),[)3 35.04+1A92 33.92+[),3[)
372 5.03.550 44310y
HumanEval 3415_p61 36.5911.83 37.80304
382 469,50 418,y
LCB 8.15+0_00 7.54 061 7.71_0gu44
193 217,55 200,
GSMSK 7847055 7718 076 7748 _0.46
322 387,09 3395y
Math 37.04_go6 37.24_(os 37.18_0.12
242 284, 255,
Average 53.45,005 53.98+0A4g 53.99+0A49
431 548...0 477 119

across all tested methods.

In this section, we provide brief introductions to
the acceleration methods discussed in Section 5.6
and include additional TPS results to better illus-
trate CreditDecoding’s effectiveness, particularly
on system-level accelerations that mainly improve
TPS. We also extend our orthogonality analysis
to LLaDA-MoE, with detailed results presented
below.

We evaluate its orthogonality on four represen-
tative acceleration techniques, as illustrated in Fig-
ure 1.

Early Stop: Early Stop terminates decoding
when the current token is <EOS> and all previous
tokens are finalized, effectively reducing redundant
generation and improving decoding efficiency.

Fast-dLLM (Wu et al., 2025): A state-of-the-art
acceleration method consisting of threshold-based
parallel decoding and KV Cache. Since the KV
Cache significantly increases TPS at the cost of
performance, we mainly compare with Fast-dLLM
(w/o KV).

PyTorch Compiler (Jain et al., 2023): PyTorch
Compiler leverages graph-level optimizations for
runtime acceleration without altering decoding be-
havior.For MoE architecture, compiler can fuse
MOoE kernel which highly accelerate the inference
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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 " Fast-dLLM  CD Cpf
MMLU 64.08+0‘00 64.21+0A13 63.94,()‘14
216 246, .9 233,
SQuAD2.0 86.88.10.00 87.2710.39 87.35,0.47
709 9’64+3()'% 8‘41+U)%
DROP 80.16_ 000 79.72_0.44 79.87 _0.29
273 3.28 1 20% 292 | 7%
KorBench 36.88. .16 36.48 (24 36.64_ s
236 3.28+33% 2.734,1()‘%
HumanEval 51.22+()'[)() 51'22+[).(JU 53.05+1'33
497 6.00+21% 5.45+1(J%
LCB 14.04 +0.16 14.37 +0.49 14.65 +0.77
243 281y 255,50
GSM8K 74.45+()'[)g 74.98+[)‘(51 74.374,()'()[)
228 2684y 242,49
Math 35.84 18 36.28+0A2(; 36.264&)‘2,’1
235 2715y 248 4y
Average 55.44+()'[)2 55.57+[).1:, 55.77+()'35
330 4.11+25% 3.66+1l%
process.

FP8 Quantization (Kwon et al., 2023): FP8
quantization is a technique that reduces the pre-
cision of floating-point numbers to 8-bit, aiming
to accelerate deep learning models by lowering
storage and computation costs while maintaining
sufficient accuracy.

Table 4 presents detailed results corresponding
to Figure 1, including TPS comparisons and reports
results under the same settings on LLaDA-MoE,
further including FP8 quantization.

C.8 Full-Distribution Trace Credit

In Sec. 4.2, trace credit is accumulated only on
the decoded (top-1) token at each step. This
focused strategy concentrates reinforcement and
yields stronger acceleration, but it may ignore use-
ful probability mass on other plausible candidates.
To examine the generality of credit accumulation
beyond the top-1 hypothesis, we also consider a
full-distribution variant that updates all tokens:

Cy'=pCy+ ("), eV, (13
By aggregating historical evidence over the entire
predictive distribution, this variant becomes less
sensitive to transient noise and confidence oscilla-

tion. Intuitively, it can achieve slightly higher accu-



racy but weaker acceleration compared to the stan-
dard version, forming a more conservative trade-off
option.

We evaluate this full-distribution variant (de-
noted as CD') alongside the standard CreditDecod-
ing (CD). Tables 5 and 6 report results on LLaDA-
8B-Instruct and LLaDA-MoE-Instruct across eight
benchmarks.

Overall, CD' delivers slightly larger accuracy
improvements than CD (+0.49 vs. +0.48 on
LLaDA-8B and +0.35 vs. +0.15 on LLaDA-MoE),
while incurring around 10% lower speedup due to
its weaker reinforcement strength. Nevertheless,
CD still achieves substantial acceleration, show-
ing that aggregating credit over the full predictive
distribution remains effective relative to the base-
line.

These results provide two important insights.
First, the comparable (and sometimes higher) ac-
curacy of CDT indicates that credit accumulation
is fundamentally general and does not rely on re-
inforcing only the final decoded token. Second,
CD achieves stronger acceleration, indicating that
assigning credit only to the top-1 predicted token
is sufficient. Since the decoded token typically re-
mains the top-1 prediction for several consecutive
steps, this focused reinforcement is both stable and
computationally efficient.

Unlike CD, the full-distribution variant requires
maintaining credits for every token in the vocab-
ulary and updating them at each denoising step,
which introduces non-trivial memory and computa-
tional overhead. Therefore, CD provides a better
efficiency—accuracy trade-off and remains the rec-
ommended default in practice.
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