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Abstract

Diffusion Large Language Models (DLLMs)
generate text via iterative masked-token denois-
ing, supporting parallel prediction and bidirec-
tional context modeling. Despite these advan-
tages, decoding remains challenging: many to-
kens appear predictable early, yet single-step
predictions are often unstable, exhibiting tem-
poral oscillations or overconfidence, making
it difficult to determine which tokens can be
safely committed. To address these challenges,
we propose DecoCal1, a Decoding framework
that explicitly performs Calibration of token-
level confidence across diffusion steps and
leverages the calibrated results to guide decod-
ing decisions. Specifically, DecoCal aggregates
historical predictions to maintain calibrated
confidence, triggering unmasking only when
a token is sufficiently stable, while a remask-
ing mechanism allows revision of premature
commitments. This calibration-based design
enables early decoding of reliably converged
tokens while deferring or correcting unstable
ones, balancing reliability and speed. Exper-
iments on multiple DLLMs and benchmarks
show that DecoCal improves generation ac-
curacy compared to existing strategies. Our
results highlight the importance of temporal
calibration in unlocking the full potential of
diffusion-based language generation.

1 Introduction

Diffusion Large Language Models (DLLMs) have
recently emerged as a promising text generation
paradigm (Yang et al., 2023; Li et al., 2025b), with
representative models such as LLaDA (Nie et al.,
2025; Zhu et al., 2025a) and Dream (Ye et al., 2025)
achieving strong performance on diverse natural
language generation tasks. Unlike mainstream auto-
regressive language models, DLLMs frame text
generation as an iterative token denoising process,

1https://github.com/pku0xff/DecoCal

which confers three key advantages: high paral-
lelism, native bidirectional context modeling for
joint left-right reasoning, and fine-grained genera-
tion control.

Despite these advantages, DLLMs are still at an
early stage of development, and their decoding pro-
cedures remain a major bottleneck (Li et al., 2025b).
In contrast to autoregressive decoding, where to-
kens are committed sequentially (Sutskever et al.,
2014), DLLMs repeatedly revise the sequence over
multiple diffusion steps. This iterative process in-
troduces a fundamental challenge: decoding is no
longer a pure sampling problem, but a decision-
making problem. Specifically, the decoding method
must determine when a token prediction is suffi-
ciently reliable to be unmasked and whether previ-
ously made decisions should be revised in light of
new evidence.

Default decoding strategies for DLLMs rely on
instantaneous model predictions at each diffusion
step. A common approach is to sample or select
tokens based on the current probability distribution
and unmask a fixed number of positions according
to a predefined schedule (Nie et al., 2025; Ye et al.,
2025). While simple, such methods are highly
sensitive to transient noise and overconfidence in
early diffusion steps, often leading to premature or
irreversible errors.

Recent efforts to improve DLLM decoding have
primarily focused on mitigating the irreversibility
of early token commitments and enhancing the ro-
bustness of iterative refinement. A representative
line of work introduces explicit mechanisms for re-
masking or revision, allowing previously unmasked
tokens to be corrected as more contextual informa-
tion becomes available (He et al., 2025; Wang et al.,
2025a). These approaches improve flexibility over
fixed unmasking schedules, but typically rely on
step-wise confidence estimates or heuristic crite-
ria, which remain sensitive to transient noise and
unstable predictions during early diffusion stages.
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Despite these advances, diffusion decoding still
faces intrinsic challenges. Many tokens in a se-
quence become sufficiently predictable early in
the diffusion process (Li et al., 2025a), suggest-
ing that they could be decoded quickly to improve
efficiency. However, single-step predictions are
often unstable (Wang et al., 2025b), so a high prob-
ability at a given step does not necessarily indi-
cate that a token can be safely decoded. Tokens
may appear confident due to temporary overconfi-
dence or oscillatory behavior, making it difficult
to identify which positions are reliably predictable.
Early overconfident predictions can propagate er-
rors through contextual feedback, leading to local
optima. Together, these observations highlight the
importance of explicitly modeling the uncertainty
of token predictions over time, so that reliably con-
verged tokens can be decoded early while unstable
ones are deferred or corrected in later steps.

To address these challenges, we propose Deco-
Cal, a decoding framework that explicitly models
the uncertainty of token predictions throughout the
diffusion process. Rather than relying solely on
instantaneous probabilities, DecoCal aggregates
historical evidence across diffusion steps to main-
tain a calibrated confidence. Unmasking decisions
are then triggered only when a token’s confidence
surpasses a predefined threshold, allowing reliably
converged tokens to be decoded early, while un-
stable tokens are deferred. At the same time, a
remasking mechanism enables the correction of
premature or overconfident commitments as addi-
tional evidence becomes available. By explicitly
integrating temporal calibration and corrective revi-
sion into the decoding process, DecoCal provides
a principled framework that improves reliability in
diffusion-based text generation.

Our contributions are summarized as follows:
• We propose DecoCal, a decoding framework that

explicitly aggregates historical evidence across
diffusion steps to maintain calibrated, token-level
confidence, allowing reliably converged tokens to
be decoded early while deferring unstable ones.

• DecoCal integrates confidence-driven unmask-
ing and remasking, enabling principled decisions
on when to commit tokens and when to revise
previous commitments as new evidence emerges.

• Extensive experiments on multiple models and
benchmarks demonstrate that DecoCal improves
generation accuracy in most cases, validating the
benefits of confidence-aware decoding.

2 Preliminaries

2.1 Diffusion-Based Decoding for Language
Models

Current DLLMs commonly generate text through
an iterative denoising process over discrete tokens.
Given a prompt, the generation starts from a fully
masked sequence of length L

x0 = [[MASK], . . . , [MASK]],

and proceeds for T diffusion steps. At each step t ∈
{1, . . . , T}, the model M predicts a categorical
distribution over the vocabulary V:

pt = softmax(M(prompt,xt−1)).

Unlike autoregressive models, DLLMs predict
token distributions at all positions in parallel. De-
coding is performed by progressively replacing
[MASK] tokens with sampled or selected tokens
across decoding iterations, producing a sequence
of intermediate states {xt}Tt=1. Once a position
is unmasked, it may remain fixed or be remasked
in subsequent steps, depending on the decoding
strategy.

The decoding process terminates when all posi-
tions are unmasked or when a predefined stopping
criterion is met. The final generated output is de-
fined as the terminal sequence

x∗ = xt† ,

where t† ≤ T denotes the stopping step of the
decoding procedure.

2.2 Decoding Policies and Unmasking
Decisions

The decoding process in DLLMs is not fully speci-
fied by the model itself, but by an external policy
that determines how predictions pt are converted
into token assignments. Formally, at each step
t, a decoding policy selects a subset of positions
Ut ⊆ {1, . . . , L} to unmask and assigns tokens to
these positions based on pt. This yields the updated
sequence:

x
(i)
t =

{
x̂
(i)
t , i ∈ Ut,

x
(i)
t−1, otherwise,

where x̂
(i)
t is obtained by selecting from p

(i)
t .

Common decoding strategies rely on predefined
schedules or instantaneous confidence measures,
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Figure 1: Overview of DecoCal: a calibration-guided decoding framework for DLLMs. It comprises three core
stages: (1) Calibration, where token-level confidence is refined via KL-weighted aggregation across steps; (2)
Unmask, where tokens are committed only if they pass both confidence and consistency checks; and (3) Remask,
which remasks premature or inconsistent predictions with a cool-down mechanism.

such as maximum probability (Nie et al., 2025) or
entropy (Ye et al., 2025), to determine Ut. These
strategies are typically short-sighted, as decisions
are made solely based on the current step’s predic-
tions.

3 Method

3.1 Overview of DecoCal

Decoding in diffusion language models remains
challenging due to unstable single-step predictions
and premature overconfident commitments, lead-
ing to suboptimal results. Our goal is to stabilize
token-level confidence over time, decode reliably
converged tokens early, and allow corrective revi-
sion when predictions are inconsistent.

Therefore, we propose DecoCal, a Decoding
framework that performs Calibration-guided un-
masking and remasking for DLLMs. At a high
level, DecoCal maintains a calibrated confidence
distribution for each position by aggregating model
predictions across diffusion steps. This calibrated
confidence distribution provides the basis for sub-
sequent decoding decisions, allowing tokens to be
committed only when their reliability is sufficiently
supported by accumulated evidence, while earlier
commitments remain revisable if later observations
indicate inconsistency.

Figure 1 presents the core workflow of DecoCal.
At each step, it predicts current token probabilities,
calibrates them using a KL-weighted moving av-
erage, selectively remasks inconsistent tokens and
unmasks confident stable ones. Moreover, a fall-
back mechanism is designed to ensure decoding
progress.

DecoCal exhibits several desirable properties:

• Stability: Historical confidence aggregation
mitigates overconfidence and transient noise
in single-step predictions.

• Correctability: Remasking enables revision
of inconsistent token commitments.

• Model-Agnosticism: DecoCal can be applied
to any masked diffusion language model.

Together, these properties make DecoCal an ef-
fective and robust decoding strategy for diffusion-
based text generation.We present the pseudocode in
Algorithm 1 in the Appendix. Below we describe
its key components in detail.

3.2 Calibration via Historical Evidence
Aggregation

DecoCal maintains a calibrated confidence distri-
bution q that aggregates historical evidence across
denoising steps. At each diffusion step t, given the
current partially masked sequence xt−1, the model
M first produces a step-wise prediction:

pt = softmax(M(prompt,xt−1)). (1)

DecoCal calibrates the current prediction against
historical evidence by adaptively updating q.
Specifically, if q is uninitialized, it is set to the
first prediction: q1 = p1. Otherwise, we compute
a calibration weight wt ∈ (0, 1)L based on the di-
vergence between the current prediction pt and the
maintained confidence distribution q:

wt = σ(γ ·KL(pt ∥qt−1)) , (2)
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where σ(·) is the sigmoid function and γ > 0 con-
trols the sensitivity to distributional change.

The KL-adaptive weighting is motivated by bal-
ancing two scenarios of substantial distributional
change: (a) The model is refining its prediction
toward a more accurate and complete estimate;
(b) The model exhibits overconfidence, potentially
overriding previously correct information. Rather
than fully trusting either the current step or the
historical distribution, the mechanism performs a
calibrated aggregation that remains sensitive to in-
stability while avoiding abrupt dominance of noisy
updates.

The calibrated confidence is then updated via a
weighted geometric aggregation:

qt = softmax
(
(1−wt)⊙ logqt−1

+wt ⊙ logpt

) (3)

where ⊙ denotes element-wise multiplication
with automatic broadcasting along the vocabulary
dimension. As a result, qt serves as a tempo-
rally smoothed and better-calibrated confidence
estimate, which is subsequently used to guide re-
masking and unmasking decisions.

3.3 Calibration-Guided Unmasking

DecoCal determines whether a current-preferred
token should be committed based on a calibration-
guided criterion that explicitly distinguishes instan-
taneous model confidence from the calibrated confi-
dence. At the start of diffusion step t, the sequence
is xt := xt−1. Given the current prediction pt,
we first identify the most likely token at each posi-
tion i and define the corresponding instantaneous
confidence:

v
(i)
t = argmax

v∈V
p
(i)
t (v), c

(i)
t = p

(i)
t

(
v
(i)
t

)
.

(4)
DecoCal does not commit tokens solely based

on c
(i)
t . Instead, unmasking decisions are guided

by the maintained calibrated confidence distribu-
tion q. For each position i, we define the most
likely token under the calibrated confidence and
the corresponding confidence score:

v
⋆(i)
t = argmax

v∈V
q
(i)
t (v), c̃

(i)
t = q

(i)
t

(
v
⋆(i)
t

)
.

(5)
A masked position i is eligible for unmasking

only if it satisfies the following conditions:

• Confidence threshold: the calibrated confidence
exceeds a predefined threshold,

c̃
(i)
t ≥ A; (6)

• Prediction consistency: the instantaneous pre-
diction agrees with the calibrated confidence,

v
(i)
t = v

⋆(i)
t . (7)

In addition, DecoCal enforces a cool-down con-
straint to prevent rapid oscillations: a position can
only be unmasked if it has remained masked for at
least C diffusion steps since its last remasking.

When all conditions are satisfied, the decoding
algorithm commits to the token by setting

x
(i)
t := v

(i)
t . (8)

3.4 Calibration-Guided Remasking
Although a token may be committed at an early
diffusion step, subsequent denoising iterations can
reveal that this early commitment is unreliable. As
more contextual information is incorporated, the
model’s assessment may evolve, and tokens that
initially appeared confident may no longer be sup-
ported by later evidence. Such delayed inconsis-
tency motivates the need for a corrective revision
mechanism during decoding.

DecoCal addresses this issue through calibration-
guided remasking. For an already unmasked po-
sition i with committed token x

(i)
t ̸= [MASK], re-

masking is triggered when the instantaneous predic-
tion p

(i)
t deviates from the temporally aggregated

evidence q
(i)
t :

q
(i)
t

(
x
(i)
t

)
> p

(i)
t

(
x
(i)
t

)
. (9)

This condition indicates that the current diffu-
sion step assigns lower support to the committed
token than the calibrated confidence, signaling a
potential breakdown of local consistency. In such
cases, remasking allows the model to reconsider
the token in later steps.

To prevent excessive oscillation, DecoCal im-
poses a per-position remasking budget: each posi-
tion can be remasked at most K times throughout
the decoding process. This constraint, together
with the cool-down constraint mentioned in Sec-
tion 3.3, stabilize decoding dynamics by limiting
revision frequency while still allowing important
or uncertain positions to benefit from delayed re-
finement. Remasking is applied before unmasking
at each diffusion step to prevent immediate reversal
of newly committed tokens.
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3.5 Fallback Unmasking for Decoding
Progress

While calibration-guided unmasking and remask-
ing improve reliability, they may temporarily stall
decoding when no position satisfies the commit-
ment criteria. To guarantee steady progress, De-
coCal employs a fallback unmasking mechanism.
If no position is committed at diffusion step t, we
select the masked position with the highest instan-
taneous confidence and unmask it:

j = argmax
i:x

(i)
t =[MASK]

c
(i)
t , x

(j)
t ← v

(j)
t . (10)

As a result, the decoding process is guaranteed
to make progress at every diffusion step.

4 Experiments

4.1 Setup

Models. We conduct experiments on two rep-
resentative DLLMs: LLaDA-1.5 2 (Zhu et al.,
2025a), and Dream3 (Ye et al., 2025). These
models represent different architectural scales and
decoding behaviors, enabling us to evaluate the
robustness of decoding strategies across diverse
model families.

Decoding methods. We compare the proposed
decoding framework against several baseline
methods, including vanilla diffusion decoding,
ReMDM (Wang et al., 2025a), RCR (He et al.,
2025), and Tolerator (Tian et al., 2025). The
vanilla decoding methods are maskgit (Chang
et al., 2022) for LLaDA-1.5 and entropy (Ye et al.,
2025) for Dream as suggested in the model reports.
Additionally, we apply an End-of-Sequence (EOS)
penalty to Dream, following a similar approach to
that used in Tolerator (Tian et al., 2025). Further
details are provided in Appendix B.2.

Evaluation tasks. We evaluate decoding perfor-
mance on a diverse set of reasoning and generation
benchmarks, including:

• Question answering: TriviaQA (Joshi et al.,
2017);

• Mathematical reasoning: GSM8K (Cobbe
et al., 2021) and MATH (Hendrycks et al.,
2021);

2https://huggingface.co/GSAI-ML/LLaDA-1.5
3https://huggingface.co/Dream-org/

Dream-v0-Instruct-7B

• Code generation: HumanEval (Chen, 2021)
and MBPP (Austin et al., 2021b).

All experiments use zero-shot prompting to en-
sure a fair comparison. We report accuracy and
steps used on each benchmark, averaged over the
full evaluation set.

Parameter settings. For all models and datasets,
we set confidence threshold A = 0.9, sensitivity
γ = 2.0, and a maximum of K = 1 remasking
step. The maximum generation length L is set to
64 for TriviaQA, and 256 for all other tasks. We
set the block sizes of the LLaDA-1.5 model to be
the same as those of L. Experiments of different
length settings are presented in Appendix C.1. Ac-
cordingly, the cool-down duration is set to C = 2
for TriviaQA and C = 8 for the rest, scaling with
the generation length L. Additionally, we set the
decoding temperature to 0 to ensure deterministic,
reproducible outputs.

4.2 Main Results

Table 1 presents the accuracy and step counts of De-
coCal and baseline decoding methods across five
diverse benchmarks, evaluated on LLaDA-1.5 and
Dream. DecoCal consistently achieves state-of-the-
art or highly competitive performance, demonstrat-
ing its effectiveness in enhancing decoding quality.

On LLaDA-1.5, DecoCal achieves the top accu-
racy on TriviaQA, HumanEval and MBPP (three
out of five tasks). Specifically, DecoCal reaches
46.80% on TriviaQA and 33.80% on MBPP, out-
performing all baselines. It matches Tolerator to
achieve the highest accuracy of 42.68% on Hu-
manEval. On GSM8K, DecoCal obtains a strong
accuracy of 63.00%.

The most striking improvements are observed
on Dream, where DecoCal sets new records across
all five benchmarks. It boosts GSM8K accuracy
to 60.12% and achieves 32.43% on MATH. On
HumanEval and MBPP, it also delivers double-
digit improvements. DecoCal’s success on Dream
demonstrates that with a more suitable decoding
mechanism, DLLMs can achieve much better per-
formance.

In summary, DecoCal demonstrates robust and
often superior decoding accuracy across models
and tasks. While it is not uniformly the top per-
former on every single metric and every model, its
overall accuracy profile is consistently strong.
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Model Method TriviaQA GSM8K MATH HumanEval MBPP
Acc Steps Acc Steps Acc Steps Acc Steps Acc Steps

LLaDA-1.5

Vanilla 45.90 64 58.98 256 21.14 256 41.46 256 33.00 256
ReMDM 41.20 64 58.68 256 22.43 256 38.41 256 29.20 256
RCR 46.40 64 60.80 256 21.00 256 39.02 256 31.60 256
Tolerator 45.30 64 73.09 256 23.14 256 42.68 256 31.60 256
DecoCal 46.80 48.71 63.00 174.01 21.86 237.11 42.68 255.65 33.80 204.90

Dream

Vanilla 52.20 64 36.01 256 14.71 256 35.98 256 30.20 256
ReMDM 53.40 64 37.15 256 14.14 256 34.76 256 35.00 256
RCR 52.40 64 32.75 256 14.00 256 29.88 256 29.00 256
Tolerator 53.10 256 49.28 256 20.00 256 9.10 256 30.00 256
DecoCal 58.60 100.98 60.12 233.43 32.43 280.31 54.27 247.95 48.60 272.70

Table 1: Main results on LLaDA-1.5 and Dream. Reported values are Accuracy (%) and average decoding steps.
Bold text denotes the optimal result, and underlined text denotes the suboptimal result.

Method GSM8K HumanEval

DecoCal 63.00 42.68
fixed w 61.79 42.07

w/o cool-down 60.65 40.24
w/o remask 58.15 39.63

w/o calibration 57.47 40.24

Table 2: Ablation studies for LLaDA-1.5 on GSM8K
and HumanEval.

4.3 Ablation Study
To gain deeper insight into the design choices in
DecoCal, we conduct several ablation studies on
GSM8K and HumanEval with LLaDA-1.5, which
is the most recent among the models we evaluated,
by systematically simplifying the following key
components:
• fixed w replaces the KL-adaptive weighting in

calibration with a fixed value w = 0.5, which
is an equivalent implementation of exponential
moving average (EMA);

• w/o cool-down disables the cool-down
mechamism during unmasking;

• w/o remask removes the whole remasking mech-
anism;

• w/o calibration eliminates the calibration module
entirely, reducing the method to a basic threshold-
based unmasking strategy (p > A).
Results are shown in Table 2. The full Deco-

Cal model achieves the best performance on both
GSM8K and HumanEval. Ablating any compo-
nent degrades performance, with the largest drops
observed when removing remasking (-4.85 on
GSM8K, -3.05 on HumanEval) or calibration (-
5.53 on GSM8K, -2.46 on HumanEval). Notably,
calibration is especially crucial for GSM8K, while
remasking benefits both reasoning and code gener-

ation, indicating its general utility. The cool-down
mechanism and adaptive weighting also contribute
consistently across tasks.

4.4 Calibration Results
To directly and quantitatively evaluate the cali-
bration performance, we sample 200 sequences
from the GSM8K benchmark and conduct infer-
ence with both vanilla decoding and the proposed
DecoCal method. For each token upon unmasking,
we record its output probability: the raw predictive
probability for vanilla decoding, and the calibrated
probability for DecoCal. We compute the Expected
Calibration Error (ECE) with 20 equal-width bins
for evaluation.

ECE Min Mean Max Last

Vanilla 0.1647 0.5480 0.3400 0.3818
DecoCal 0.2515 0.3283 0.3050 0.2158

Table 3: Calibration quality comparison (ECE) between
Vanilla and DecoCal on 200 GSM8K sequences. Met-
rics are computed over all tokens in a sequence (mini-
mum, mean, maximum) and on the last token.

As presented in Table 3, DecoCal yields con-
sistently lower ECE values in terms of the mean,
maximum, and last-token metrics. These results
verify that the probabilities calibrated by DecoCal
exhibit a stronger alignment with the ground-truth
correctness of generated tokens, demonstrating its
effectiveness beyond naive temporal smoothing.

4.5 Quality-Efficiency Trade-off
Figure 2 presents a comprehensive analysis of the
trade-off between inference efficiency (measured
in diffusion steps) and task accuracy for LLaDA-
1.5 on GSM8K under varying parameter configu-
rations. Each point in the plot corresponds to a
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Figure 2: Results under different parameter settings
for LLaDA-1.5 on GSM8K. Points closer to the top-left
corner indicate better performance, achieving higher
accuracy with fewer diffusion steps.

specific setting of parameters including unmasking
confidence threshold A, maximum remask itera-
tions K, cool-down steps C, and sensitivity γ.

Overall, our proposed DecoCal method con-
sistently outperforms all ablated variants and the
vanilla method. Reducing A accelerates decoding
by allowing earlier commitment of tokens, often
at the cost of marginal accuracy degradation. No-
tably, even at aggressive efficiency settings, such as
A = 0.6, DecoCal achieves an accuracy of 62.47%
using only 61.22 steps. In contrast, increasing K
enables more opportunities for error correction. For
instance, with K = 3, it reaches 65.43% accuracy
using 328.38 steps, approaching the best accuracy.
The parameter γ and cool-down steps C exhibit
relatively minor impact on the final outcome, as
evidenced by the tightly clustered points along the
magenta and orange-red curves. As a result, Deco-
Cal offers flexible control over the speed-accuracy
trade-off via its core parameters, enabling practi-
tioners to tailor inference behavior according to
resource constraints.

Runtime (s) Avg GPU Memory Util. (%)

Vanilla 4179.71 33.47
DecoCal 2916.96 37.02

Table 4: Runtime and GPU utilization for 200 GSM8K
samples on LLaDA-1.5. Runtime excludes file I/O and
initialization overhead.

Beyond the speed-accuracy trade-off, we further
evaluate the practical inference efficiency of De-
coCal by measuring runtime and GPU resource

consumption. We conduct experiments on 200
GSM8K samples with LLaDA-1.5, using a single
NVIDIA A40 (48GB) GPU and a batch size of 1.
The results in Table 4 demonstrate that our DecoCal
method effectively reduces total inference runtime,
while only incurring a moderate and acceptable rise
in GPU memory utilization.

4.6 Decoding Behavior

To understand the dynamic strategy of DecoCal, we
evaluate LLaDA-1.5 on 200 GSM8K samples and
record which positions are subjected to unmasking
or remasking at each step. The aggregated statistics
are shown in Figure 3. Further phenomena are
discussed in Appendix C.3.

Our analysis reveals several patterns:

1. Generation usually starts from sequence bound-
aries (start/end), with high activity near position
0 and the maximum index.

2. Early inference has higher uncertainty. Reduced
calibration-guided unmasking and frequent re-
masking indicate a preference for iterative cor-
rection over direct confident generation.

3. Calibration-guided unmasking shows strong
spatial coherence (contiguous bands), while re-
masking is sporadic, consistent with its correc-
tive role.

4.7 Case Study

To gain a deeper understanding of how DecoCal
improves decoding reliability, we analyze a repre-
sentative GSM8K example in Table 5.

Without calibration, the decoding algorithm uses
single-step probability thresholding and unmasks
the answer digits “9” and “6” as early as steps
42–43 (89 steps in total), before valid reasoning
is formed. This forms an incorrect computation
(20+28+56 = 96) and it becomes an irreversible
decision, causing a wrong final answer.

In contrast, DecoCal defers unmasking answer
tokens until late diffusion steps, i.e., step 203/218,
ensuring that critical answer tokens are only com-
mitted after a complete and correct reasoning chain
is almost established. This calibration-guided
scheduling enables DecoCal to generate the correct
answer 104 by delaying commitment to reduce pre-
mature errors. Another case study of the remasking
mechanism can be found in Appendix C.4.
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Figure 3: Heatmaps of calibration-guided decoding behavior, depicting operation frequency across steps (y-axis)
and positions (x-axis), with marginal plots indicating per-step and per-position totals. Left: unmask frequency.
right: remask frequency. Color intensity reflects operation density. Red curve (right margin): total operations per
step; blue curve (bottom margin): total operations per position.

5 Related Work

5.1 Diffusion Models for Language
Generation

Diffusion models were originally developed
for continuous domains such as image genera-
tion (Yang et al., 2023; Croitoru et al., 2023), and
have recently been extended to discrete sequence
modeling. Early attempts to apply diffusion to lan-
guage generation include Diffusion-LM (Li et al.,
2022) and LD4LG (Lovelace et al., 2023), which
formulate text generation as a denoising process in
continuous or latent embedding spaces.

More recently, discrete diffusion language mod-
els have gained increasing attention due to their
scalability and simplicity. Models such as the
LLaDA (Nie et al., 2025; Zhu et al., 2025a) and
Dream series (Ye et al., 2025) employ masking as
a discrete noise mechanism, enabling generation
through gradual unmasking and reverse prediction.
Compared to autoregressive models, diffusion-
based language models support parallel token pre-
diction, allowing bidirectional context modeling
and flexible control over the generation process.

5.2 Decoding Strategies for Diffusion
Language Models

Decoding critically influences the quality and effi-
ciency of diffusion-based text generation. Early
work on masked and non-autoregressive mod-
els (Devlin et al., 2019; Ghazvininejad et al., 2019;
Kasai et al., 2020) established iterative refinement
via masking as a key paradigm.

Many methods adopt fixed unmasking schedules
or rely on instantaneous signals such as token confi-
dence (Chang et al., 2022), entropy (Ye et al., 2025),
probability margins (Kim et al., 2025), or random
remasking (Austin et al., 2021a). While efficient,
these strategies lack mechanisms to correct early
errors and are prone to noise and overconfidence.

To enable dynamic refinement, recent ap-
proaches incorporate richer signals: Running Con-
fidence Remasking (RCR) (He et al., 2025) re-
masks tokens with persistently low confidence;
ReMDM (Wang et al., 2025a) uses a time-
dependent probabilistic remasking policy; Toler-
ator (Tian et al., 2025) separates generation and
refinement via cross-validation; Latent Refine-
ment Decoding (LDR) (Zhu et al., 2025b) re-
fines in embedding space with KL-based stop-
ping; Coherent Contextual Decoding (CCD) (Chen
et al., 2025) leverages conditional mutual informa-
tion for consistency and adaptive budgeting; and
MEDAL (Huang et al., 2025) formulates inference
as combinatorial search using Monte Carlo Tree
Search during initialization. These methods en-
hance decoding through historical, latent, or con-
textual information.

5.3 Uncertainty Estimation and Calibration
in Language Models

Modern neural networks are often overconfident
and poorly calibrated, despite high accuracy (Guo
et al., 2017), and excessive regularization to re-
duce overconfidence can even hurt post-hoc cali-
bratability (Wang et al., 2021). In language gen-
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Prompt: Meredith is a freelance blogger who writes about
health topics and submits to clients each day as her permanent
job. A blog article takes an average of 4 hours to research
and write about. Last week, she wrote 5 articles on Monday
and 2/5 times more articles on Tuesday than on Monday. On
Wednesday, she wrote twice the number of articles she wrote
on Tuesday. Calculate the total number of hours she spent
writing articles in the three days.

w/o Calibration

Step 42/89: ... [MASK]: 9[MASK][EOS]
Step 43/89: ... [MASK]: 96[EOS]
Final Output:
... To find the total number of hours she spent writing articles
in the three days, we add up the hours spent each day: 20 + 28
+ 56 = 96 hours.
#### 96 The answer is: 96

DecoCal

Step 203/218:
On Monday, Meredith wrote 5 articles.
On Tuesday, she wrote 5 + (2/5)*5 = 7 articles.
On Wednesday, she wrote 2*7 = 14 articles.
In total, she wrote 5 + 7 + 14 = 26 articles.
[MASK]...[MASK] 104[EOS]
Final Output
On Monday, Meredith wrote 5 articles.
On Tuesday, she wrote 5 + (2/5)*5 = 7 articles.
On Wednesday, she wrote 2*7 = 14 articles.
In total, she wrote 5 + 7 + 14 = 26 articles.
Therefore, she spent 26 * 4 = 104 hours writing articles.
Conclusively: 104

Table 5: A GSM8K sample tested with LLaDA-1.5. The
correct answer is 104. Red/blue colored tokens denote
the newly unmasked tokens at each step.

eration, high uncertainty correlates with hallucina-
tion (Xiao and Wang, 2021), and semantic equiv-
alence further complicates confidence estimation
(Kuhn et al., 2023). Token-level uncertainty has
also been explored in structured prediction (Austin
et al., 2021a), while consistency across reasoning
paths, e.g., via self-consistency, serves as an im-
plicit reliability signal (Wang et al., 2022).

Inspired by these ideas, we adapt the principle
of calibration, not as a formal post-hoc method, but
as a decoding heuristic in DLLMs. By aggregating
predictions over time, DecoCal uses calibrated con-
fidence to guide when to commit or revise tokens,
bridging uncertainty-aware decision-making with
iterative diffusion-based decoding.

6 Conclusion

We propose DecoCal, a decoding framework for
diffusion large language models that calibrates
token-level confidence by aggregating predictions
across diffusion steps. Rather than unmasking to-
kens based on instantaneous probabilities, Deco-

Cal uses calibrated confidence to decide when a
token is stable enough to commit and when prior
decisions should be revised. This approach miti-
gates premature errors caused by transient overcon-
fidence and enables adaptive, accurate decoding.

Experiments across multiple models and tasks
show that DecoCal consistently improves gener-
ation quality. By integrating calibration into the
iterative refinement process, our method advances
DLLM decoding toward more reliable and princi-
pled decision making.

Limitations

DecoCal introduces four hyperparameters: the con-
fidence threshold A, sensitivity γ, maximum re-
mask count K, and cool-down period C. While
these parameters offer flexibility, they also require
careful tuning for different tasks and datasets to
achieve optimal performance. Additionally, Deco-
Cal does not provide explicit per-sample control
over the number of decoding steps. The total num-
ber of steps is bounded above by T · (K + 1), but
the actual number of effective updates per token
varies dynamically based on calibration signals and
remasking behavior, making fine-grained latency
or computation control challenging.
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A Algorithm

We present the pseudocode of DecoCal in Algo-
rithm 1. Starting from a fully masked sequence x0,
the algorithm iteratively refines token predictions
over T steps. At each step t, the model produces
a probability distribution pt over the vocabulary
given the current sequence xt−1. To mitigate over-
confidence and distributional drift, we maintain
a calibrated confidence distribution qt, initialized
as q1 = p1 and subsequently updated via a KL-
divergence–guided interpolation.

Tokens are conditionally unmasked only when
(i) their calibrated confidence c̃(i)t exceeds a thresh-
old A, (ii) the argmax under pt and qt agrees, and
(iii) a cool-down period C has elapsed since their
last remasking. Crucially, if a token has already
been unmasked but the calibrated model assigns
it higher probability than the uncalibrated one and
its remask count ri is below K, it is reverted to
[MASK] to allow reconsideration. This remasking
mechanism enables the algorithm to correct prema-
ture commitments.

To guarantee progress, a fallback step uncondi-
tionally unmasks the highest confidence masked
token if no other token meets the unmasking cri-
teria in a given iteration. The final output xt† is
returned after t† refinement steps when there is no
[MASK] in the sequence.

B Implementation Details

B.1 Further Details about Benchmarks

For TriviaQA (Joshi et al., 2017), we randomly
sample 1,000 examples from the wikipedia-dev
split to form our test set. For MATH (Hendrycks
et al., 2021), we draw 100 samples uniformly at
random from each of its seven subject-specific sub-
sets, resulting in a test set of 700 examples. For all
other datasets, we evaluate the entire official test
split. The number of samples used for evaluation
on each benchmark is summarized in Table 6.

Dataset N samples

TriviaQA 1000
GSM8K 1319
MATH 700
HumanEval 164
MBPP 500

Table 6: Number of test samples used for evaluation on
each benchmark dataset.

B.2 EOS Penalty for Dream Model

Tolerator (Tian et al., 2025) algorithm incorporates
an end-of-sequence (EOS) penalty during decod-
ing. The experiments reveal that merely increasing
the EOS penalty can substantially improve model
performance. In a similar vein, during our prelimi-
nary studies on the Dream (Ye et al., 2025) model,
we observed a strong propensity to prematurely
generate EOS tokens, which hinders the model’s
reasoning process and prevents it from completing
tasks. Specifically, we compared the performance
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Algorithm 1 DecoCal
Require: DLLM M, prompt, maximum steps T , confidence

threshold A, sensitivity γ, max remasks K, cool-down C
1: x0 = [[MASK]]L, q0 = undefined
2: ri = 0, τi = −∞, ∀i ▷ remask count & last step
3: for t = 1 to T do
4: pt = softmax(M(prompt,xt−1)) ▷ predict
5: xt := xt−1

6: v
(i)
t = argmaxv∈V p

(i)
t (v), c(i)t = p

(i)
t (v

(i)
t ), ∀i

▷ Calibrate (Sec 3.2)
7: if q is undefined then
8: qt = pt ▷ q1 = p1

9: else
10: wt = σ(γ ·KL(pt ∥qt−1))
11: qt = q 1−wt

t−1 ⊙ pwt
t

12: end if
13: v

⋆(i)
t = argmaxv∈V q

(i)
t (v), c̃

(i)
t = q

(i)
t (v

(i)
t ),

∀i
▷ Remask (Sec 3.4)

14: for all i with x
(i)
t ̸= [MASK] do

15: if q(i)
t (x

(i)
t ) > p

(i)
t (x

(i)
t ) and ri < K then

16: x
(i)
t := [MASK]

17: ri = ri + 1, τi = t
18: end if
19: end for

▷ Unmask (Sec 3.3)
20: progress = false

21: for all i with x
(i)
t = [MASK] and t− τi ≥ C do

22: if c̃(i)t ≥ A and v
(i)
t = v

⋆(i)
t then

23: x
(i)
t := v

(i)
t

24: progress = true
25: end if
26: end for

▷ Fallback (Sec 3.5)
27: if not progress then
28: j = argmax

i: x
(i)
t =[MASK]

c
(i)
t

29: x
(j)
t := v

(j)
t

30: end if
31: t† := t
32: if x(i)

t ̸= [MASK], ∀i then:
33: break
34: end if
35: end for
36: return xt†

Method TriviaQA GSM8K MATH HumanEval MBPP

w penalty 52.20 36.01 14.71 35.98 30.20
wo penalty 49.70 30.63 15.14 32.32 30.40

Table 7: Effect of End-of-Sequence (EOS) penalty on
dream model performance.

of the model under a vanilla decoding method (en-
tropy sampling) with and without the application of
an EOS penalty. Our penalty mechanism dynami-
cally adjusts based on the proportion of EOS tokens
already generated in the sequence, formulated as:

αt = 1 +

∑t−1
i=1 I(xi = [EOS])

L
ˆlogitst([EOS]) = logitst([EOS])/αt

where L is the sequence length. As presented
in Table 7, this simple penalty leads to markedly
improved performance across multiple benchmarks
when using standard entropy-based decoding.

C Supplementary Results

C.1 Results under Different Length Settings
In Section 4.1, we set fixed generation length L for
both models and fixed block size B for LLaDA-
1.5 (Zhu et al., 2025a). Block is a mechanism to
control the degree of auto-regressive decoding. A
smaller block size means a higher degree of auto-
regressive generation. When B = 1, the diffu-
sion generation process fallbacks to a total auto-
regressive generation process.

Here we vary the generation length L for both
LLaDA-1.5 (Zhu et al., 2025a) and Dream (Ye
et al., 2025), and vary the block size B for
LLaDA-1.5 only. We evaluate the models on Trivi-
aQA (Joshi et al., 2017) and 200 GSM8K (Cobbe
et al., 2021) samples.

As shown in Table 12, DecoCal outperforms
other methods in most cases in accuracy. On
LLaDA-1.5 with L = 256 and B = 64, DecoCal
attains 81.50% accuracy on GSM8K, surpassing
Vanilla (79.50%) and RCR (79.00%), using only
141.15 steps, a 45% reduction compared to the full
256-step baseline.

For the Dream model, which lacks block-wise
control, DecoCal also demonstrates strong gains.
At L = 128, it improves TriviaQA accuracy from
49.6% (Vanilla) to 56.5%, indicating that DecoCal
effectively enhances correctness at a small cost of
additional steps.
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Parameter Acc Avg Steps

Default 63.00 170.66
Varying A
A = 0.8 61.33 131.19
A = 0.6 62.47 61.22
Varying gamma
γ = 1.0 62.55 174.13
γ = 4.0 62.62 167.39
Varying K
K = 2 64.52 249.35
K = 3 65.43 328.38
Varying C
C = 4 61.79 157.14
C = 16 62.47 179.91

Table 8: Performance of DecoCal under different param-
eter settings (varying A, γ,K,C) evaluated on GSM8K
with LLaDA-1.5. Unspecified parameters follow the
default settings given in Section 4.1.

Parameter Acc Avg Steps

A = 0.8

default 61.33 131.19
γ = 1.0 62.02 135.49
K = 3 64.75 255.37
C = 4 61.41 131.19

A = 0.6

default 62.47 61.22
γ = 1.0 63.15 64.20
K = 3 66.79 110.9
C = 4 61.79 51.08

Table 9: Additional results of DecoCal when A = 0.8
and A = 0.6, evaluated on GSM8K with LLaDA-1.5.
Unspecified parameters follow the default settings given
in Section 4.1.

C.2 Details on Quality-Efficiency Trade-off

Table 8 presents the detailed statistics of Figure 3 in
Section 4.6. Among all configurations, the highest
accuracy (Acc = 65.43) is achieved when K = 3,
while the fewest average steps (61.22) are obtained
with A = 0.6.

Table 9 presents additional results of DecoCal
(with A = 0.8 and A = 0.6) on GSM8K using
LLaDA-1.5. The results show that A = 0.6 out-
performs A = 0.8 in both accuracy (62.47% vs.
61.33%) and efficiency (61.22 vs. 131.19 average
steps). For parameter sensitivity, increasing K to 3
yields the most significant accuracy improvement
(64.75% for A = 0.8, 66.79% for A = 0.6) but
increases reasoning steps, while adjusting γ has
modest effects and C = 4 either has little impact.
Overall, K is the most impactful parameter for ac-
curacy, and A = 0.6 balances performance and
efficiency well on GSM8K.

A
Steps Unmask Remask

(avg ± std) tr (%) N_tok tr (%) N_tok

0.9 167.65 ± 45.29 34.66 4.23 44.34 4.73
0.8 133.23 ± 43.30 44.34 4.73 21.94 1.86
0.6 60.21 ± 31.76 70.82 7.66 14.97 2.73

Table 10: Statistics of the diffusion decoding process on
200 GSM8K samples with LLaDA-1.5. For the unmask
and remask editing mechanisms, “tr (%)” is the trigger
rate (fraction of steps where the mechanism activates),
and “N_tok” is the average number of edited tokens per
triggered step.

C.3 Additional Analysis on Decoding
Behavior

Table 10 provides a breakdown of the decoding dy-
namics of DecoCal on GSM8K using LLaDA-1.5,
across different confidence thresholds A. Specif-
ically, we compute the trigger rate of unmasking
and remasking operations across all steps, as well
as the average number of tokens modified per op-
eration. As A decreases, the average number of
diffusion steps drops significantly, reflecting more
aggressive early unmasking enabled by a lower
confidence requirement.

This shift is accompanied by a marked increase
in unmask activity: the unmask trigger rate rises
from 34.66% to 70.82%, and the average number of
tokens unmasked per activation increases from 4.23
to 7.66. Conversely, remasking becomes less fre-
quent, indicating that DecoCal continues to revise
low-confidence predictions despite faster conver-
gence. Notably, at the default A = 0.9, remask-
ing is the dominant corrective mechanism (44.34%
trigger rate), while lowering A shifts the balance to-
ward proactive unmasking. These results illustrate
how DecoCal adaptively modulates the interplay
between commitment and correction along the dif-
fusion trajectory.

We also present the fallback frequency across
steps and positions in Figure 4. This observation
further corroborates that generation tends to initiate
from sequence boundaries, as stated in Section 4.6.
Unlike calibration-guided unmasking, the distribu-
tion here exhibits a scattered pattern that extends
from the top-left to the bottom-right and from the
top-right to the bottom-left, rather than taking the
form of horizontal stripes. This discrepancy arises
because the fallback mechanism is designed to de-
code only one token at a time.
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Figure 4: Heatmaps of fallback frequency across steps
(y-axis) and positions (x-axis), with marginal plots indi-
cating per-step and per-position totals. Red curve (right
margin): total operations per step; blue curve (bottom
margin): total operations per position.

C.4 Case Study of the Remasking Mechanism
To qualitatively illustrate the corrective role of re-
masking, we provide an example from TriviaQA
using LLaDA-1.5 under DecoCal in Table 11. In
the first step, the output exhibits structural incon-
sistency and redundancy. Through remasking, un-
stable positions are reconsidered and progressively
corrected, resulting in a coherent and fully correct
final answer.

Question: In what city would you find Yale University?
Answer: New Haven, Connecticut.

Step 1:
Yale University is located in [MASK] Haven [MASK]
[MASK] Haven, Connecticut.[EOS]
Step 2:
Y[MASK] University is located in New Haven [MASK]
[MASK] [MASK], Connecticut.[EOS]
Step 3:
Yale University is located in New Haven [MASK] [MASK]
[MASK] [MASK] [MASK].[EOS]
Step 4:
Yale University is located in New Haven, Connecticut, United
States.[EOS]

Table 11: Qualitative example of the remasking mech-
anism in DecoCal on LLaDA-1.5 model, TriviaQA
dataset. At each step, blue tokens indicate newly un-
masked tokens and red tokens indicate remasked tokens.

D AI Usage Disclosure

In this work, generative artificial intelligence tools
were employed to support data processing work-
flows and refine the manuscript draft. All content
generated via these tools underwent rigorous re-

view and revision to ensure the accuracy, reliability,
and academic integrity of the final work.
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Model Method TriviaQA GSM8K
Acc (%) Steps Acc (%) Steps

LLaDA-1.5

L=B=128 L=B=512
Vanilla 43.4 128 41.5 512
ReMDM 42.5 128 62.5 512
RCR 43.0 128 39.0 512
DecoCal 43.7 53.39 39.5 323.84

L=B=32 L=B=128
Vanilla 44.0 32 61.5 128
ReMDM 37.4 32 57.5 128
RCR 44.3 32 68.5 128
DecoCal 44.5 32 63.0 104.02

L=64, B=32 L=256, B=64
Vanilla 48.2 64 79.5 256
ReMDM 41.6 64 74.5 256
RCR 47.8 64 79.0 256
DecoCal 48.4 72.3 81.5 141.15

Dream

L=128 L=512
Vanilla 54.7 128 42.5 512
ReMDM 55.5 128 45.0 512
RCR 54.3 128 38.0 512
DecoCal 60.9 146.22 55.0 312.35

L=32 L=128
Vanilla 49.6 32 43.0 128
ReMDM 50.5 32 42.0 128
RCR 49.4 32 39.0 128
DecoCal 56.5 47.61 59.5 140.37

Table 12: Accuracy (%) and average decoding steps on TriviaQA and GSM8K under varying generation lengths L
and block sizes B.
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