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ABSTRACT

Masked diffusion language models (MDLMs) can generate text efficiently by pre-
dicting multiple masked tokens in parallel, but predictions from the same forward
pass are not necessarily reliable when committed together. We study when paral-
lel commitment is reliable. Our diagnostics show that confidence alone does not
determine a reliable commitment order: confident predictions near the end of the
sequence can fix an answer before its supporting computations are established,
and downstream predictions become less reliable as the uncertainty of their up-
stream context grows. At the same time, a single forward pass can already resolve
several masked tokens, and predictions that remain stable across the final layers
are more likely to be correct. Based on these findings, we propose Reliable Par-
allel Decoding (RPD), a training-free method that selects candidates by layerwise
prediction stability and final confidence, and commits them under a cumulative
entropy budget over their preceding masked positions. RPD defers predictions
with uncertain upstream context while committing the remaining candidates in
parallel, without relying on a fixed block schedule. Across mathematical reason-
ing and code generation benchmarks on LLaDA and Dream, RPD achieves the
highest decoding throughput among the evaluated methods while maintaining or
improving accuracy.

1 INTRODUCTION

Masked diffusion language models (MDLMs) offer the potential for efficient generation by predict-
ing multiple masked tokens in parallel and progressively filling a sequence over successive decoding
iterations (Nie et al., [2026; |Gong et al., [2022). At each iteration, the decoder must choose which
predictions to accept and use as context for the next iteration. Committing more tokens can re-
duce the number of decoding iterations, but predictions produced in the same forward pass are not
necessarily reliable when committed together. These considerations motivate our central research
question: When can masked diffusion language models safely commit multiple tokens in parallel
during decoding?

Figure 1| Left (b) shows a U-shaped confidence profile across the generation canvas, with high con-
fidence near both ends of the sequence. High confidence at the end reflects strong formatting priors
rather than a correctly computed answer. As a result, confidence-based decoding can lock in an in-
correct answer before its supporting computations are established (Figure [T| Left). Imposing order-
ing constraints mitigates this problem (Figure[T| Left (a)): delaying the answer region until all other
tokens are committed improves accuracy from 57.0% to 62.3%, and further requiring operands to
precede their dependent results raises it to 72.0%. These results suggest that confidence alone does
not determine a reliable commitment order. A reliable order should instead reflect dependencies: a
prediction should wait while the information it depends on remains unresolved, and can otherwise
be committed in parallel. Existing methods approximate this in different ways.

Block-wise decoding, as used in LLaDA (Nie et al., [2026), imposes order at a fixed granularity,
decoding in parallel within each block while enforcing order across blocks, but its boundaries
do not adapt to which dependencies remain unresolved. Other methods select tokens adaptively
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Figure 1: Left: Confidence-based decoding commits the answer early and fixes an incorrect value
($1330), whereas delaying the answer yields the correct $1430. (a) Accuracy improves under stricter
ordering constraints. (b) Initial confidence peaks near the sequence boundaries. Right: (i) Down-
stream tokens should wait until their upstream values are resolved. (ii) Tokens resolved within one
forward pass can be committed together.

but judge each prediction without regard to its context. Fast-dLLM (Wu et al.| 2026) and EB-
Sampler (Ben-Hamu et al., |2026) use confidence thresholds or entropy budgets over the selected
tokens, without assessing whether the upstream information supporting each prediction has been
resolved. DAPD (Kim et al., [2026) uses attention to avoid committing strongly coupled tokens to-
gether, but separating dependent predictions does not determine which should come first. LoPA (Xu
et al.}2025) explores alternative filling orders to improve subsequent parallelism, at the cost of eval-
uating additional branches. What remains missing is a way to use the current forward pass to decide
which predictions should wait and which can be committed together.

We address this question with two complementary insights. First, downstream predictions should
wait while their upstream information remains uncertain. In Figure[T] (i), committing the total while
the insurance amount is still masked risks locking in an unsupported answer. Second, a single
forward pass can already resolve several masked tokens at once. In Figure[T] (ii), one forward pass
produces all digits of 1430 and even the local computation 1300+ 130 = 1430. Section[2]shows that
predictions remaining consistent across the final layers without losing probability are more likely to
be correct, which allows such tokens to be identified and committed together.

We turn these insights into Reliable Parallel Decoding (RPD), a method that uses upstream uncer-
tainty and prediction stability to decide which tokens to commit at each decoding step. RPD delays
predictions whose upstream information remains too uncertain and uses layerwise consistency to-
gether with final confidence to identify candidates for joint commitment. Across four mathematical
reasoning and code generation benchmarks on LLaDA and Dream, RPD achieves the highest de-
coding throughput in all eight model-task settings, running 2.4-6.1x faster than default decoding,
while maintaining or improving accuracy.

Our main contributions are:

* We analyze parallel commitment in MDLMSs and identify two properties that determine its
reliability: downstream predictions are less reliable when their upstream context remains
uncertain, and predictions that remain stable across layers are more likely to be correct.

* We propose Reliable Parallel Decoding (RPD), a training-free method that selects candi-
dates by layerwise stability and commits them under a cumulative entropy budget, ordering
commitment by upstream uncertainty rather than a fixed block schedule.

* We evaluate RPD on mathematical reasoning and code generation with LLaDA and Dream.
RPD achieves the highest decoding throughput among the evaluated methods while main-
taining or improving accuracy, and ablations show that layerwise stability and cumulative
entropy contribute parallelism and reliability, respectively.
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Figure 2: Diagnostics on Dream. (a) Answer error rates for low- and high-upstream-entropy mask-
ing patterns within the same problem and mask count. (b) Token error rates under increasing pre-
diction persistence K. (c) Token error rates by prediction persistence K and confidence drop r; for
predictions with final confidence in [0.6,0.9).

2 UNDERSTANDING PARALLEL COMMITMENT

The two insights above raise two questions: how unresolved upstream uncertainty relates to down-
stream errors, and how to identify predictions that can be reliably committed together. We investigate
these questions through controlled masking experiments and analysis of layerwise predictions.

We use 2,000 gold arithmetic traces from GSM8K-Aug 2024), masking both selected
upstream digits and all digits of the final answer. For each problem, we sample 16 masking patterns
at each upstream mask count m € {4, 8,16, 32} and evaluate each state with one forward pass. Data
construction and complete results, including LLaDA, are given in[A.2]and [A]J]

2.1 UPSTREAM UNCERTAINTY AND DOWNSTREAM ERRORS

Figure [T| Left (b) shows how high-confidence predictions near the end of the sequence can be com-
mitted before their supporting calculations are complete. LLaDA’s block-wise decoding prevents
commitment in later blocks, while Dream’s default configuration, with temperature 0.1, top-p 0.9,
and lowest-entropy-first selection, produces an approximately left-to-right order in our observations
(Appendix [A4). Both give earlier computations time to be established before downstream predic-
tions are committed. This raises a question: are downstream errors associated with uncertainty in
the upstream information that remains unresolved?

We define cumulative entropy as

E=) H(p), H(p)=->_ p;(v)logp;(v). (1)

jeu veEV

where U contains the masked upstream digit positions, p; is the predictive distribution at position j,
and V is the vocabulary. Within each problem and mask count, we compare the five lowest-entropy
masking patterns with the five highest-entropy patterns, retaining problems with both correct and
incorrect answers. Figure 2 shows that high-entropy patterns have answer error rates 17.3-29.9
percentage points higher, with all paired 95% confidence intervals above zero. These results support
our first insight: downstream predictions are less reliable when their upstream information remains
uncertain.

2.2 LAYERWISE STABILITY AND PREDICTION RELIABILITY

Respecting upstream dependencies does not mean that every token must wait for a separate decoding
iteration. Such a restriction would sacrifice the parallelism that distinguishes MDLMs from autore-
gressive models. Our second insight is that a single forward pass can already resolve several masked
tokens. We therefore examine whether the evolution of predictions across layers helps identify these
opportunities.
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Figure 3: Overview of RPD. (a) Layerwise stability and confidence identify candidate predictions.
Prediction persistence favors consistent predictions, while confidence drop penalizes predictions that
lose probability. (b) A cumulative entropy budget determines which candidates can be committed
together. A and B are committed in parallel, while C' waits because the cumulative entropy of its
preceding masked positions exceeds the budget.

Using the same masked states, we project intermediate hidden states into the vocabulary space and
analyze predictions at the target-answer positions over the final half of the network. Let y; be the
final-layer prediction. We define prediction persistence as

Ki:max{ke{1,...,L—€0—|—1}:argmaxpgg)(v):yi forallE:L—k—l—l,...,L}

2
where pge) is the predictive distribution at layer ¢, L is the final layer, and ¢ is the first layer in the
analyzed half. Thus, K; counts consecutive layers ending at the final layer that predict the same
token. Figure2p plots token error rates under increasing persistence requirements &; > k, grouped
by final confidence. Predictions that persist across more layers generally have lower error rates, even
within the same confidence range.

Beyond how long a prediction persists, we also examine how its probability changes during this
period. Even when the predicted token stays the same, its probability can fall before the final layer.
We quantify this change as confidence drop,

_ () — 8 (4, 3
ri = max p; (i) —p; (i) 3)

where pw

; ~ is the predictive distribution at layer ¢, s; starts the final consistent suffix, and L is the
final layer. Figure 2k shows that larger confidence drops correspond to more errors, while longer
persistence corresponds to fewer errors. For K; = 5-8, the error rate rises from 4.6% to 23.7% as
confidence drop increases. These findings guide the design of our Reliable Parallel Decoding (RPD)

method in Section[3

3 RELIABLE PARALLEL DECODING

Section 2] identifies two conditions for committing a prediction reliably: the prediction should be
stable across layers (Section [2.2)), and the upstream information it depends on should be sufficiently
resolved (Section @) Reliable Parallel Decoding (RPD) turns these conditions into two stages that
operate on a single forward pass (Figure[3). Candidate selection (Section [3.1]) keeps predictions that
are individually reliable, and parallel commitment (Section [3.2)) determines which candidates can be
committed together.

3.1 CANDIDATE SELECTION WITH LAYERWISE STABILITY

Final confidence alone does not determine whether a prediction is reliable. Within the same con-
fidence range, token error rates decrease as prediction persistence grows (Figure 2b) and increase



with confidence drop (Figure [2t). We therefore combine the two layerwise quantities into a stability
score:

S; = min(K;, Kmax) —wr;, 4)

where K. caps the contribution of prediction persistence and w > 0 weights the penalty for
confidence drop. Under a fixed threshold on S;, longer persistence tolerates a larger drop, up to the
cap. This follows Figure[Zk: as confidence drop increases, the error rate rises from 14.2% to 46.4%
for K; = 2, but only from 1.8% to 6.9% for K; > 9.

The stability test matters most at intermediate confidence. Predictions with very high confidence are
already reliable (Figure [2p), whereas a low-confidence prediction can keep the same token across

layers without being correct. Let M; denote the masked positions at iteration ¢ and ¢; = pz(-L) (yi)
the final confidence. We define the candidate set as

Ct:{iEMt:cz-Zﬁhor(96§0i<9hand5i203)}, 5)

where 6}, is the high-confidence threshold, 8, < 6}, is the minimum confidence for stability-based
admission, and 6, is the stability threshold. Hyperparameter values are given in Appendix
High-confidence predictions bypass only the stability test and remain subject to the cumulative en-
tropy budget in Section Figure [3p illustrates this selection. A, B, and C remain consistent
across the final layers and become candidates. D keeps changing, and E is excluded by a large
confidence drop despite its persistent prediction.

3.2 PARALLEL COMMITMENT WITH CUMULATIVE ENTROPY

Candidates in C; have stable predictions, but stability alone does not ensure that a prediction is
supported by resolved context. As shown in Figure [I] Left (b), a prediction near the end of the
sequence can be confident and stable while the computations it depends on are still masked, and
Section [2.1] shows that such downstream predictions become less reliable as upstream uncertainty
grows. We therefore commit a candidate only when the uncertainty in its preceding masked positions
is sufficiently low.

Whether this condition holds depends not only on the current masks, but also on which earlier
candidates are committed alongside it in the same iteration. We therefore construct the commitment
set sequentially. Starting from an empty set, we scan the candidates in C; from left to right. When the
scan reaches candidate ¢, let A; -, denote the candidates already selected. We measure the upstream
uncertainty of ¢ as the cumulative entropy of the preceding positions that will remain masked after

this iteration:
L
B~ Y m("), ©)
j<i
JEM\AL <i
which mirrors Eq. [T using the final-layer distributions of the current forward pass. The sum covers
every preceding masked position, including non-candidates and rejected candidates, but excludes
A <;: positions committed together with 7 serve as its context, since related tokens can be resolved
within a single forward pass (Section [2.2). Candidate 7 is selected if E; < f3 for a fixed entropy
budget 3, giving
A ={i€C :E; <p}. 7

If A; is empty, we commit the single prediction with the highest final confidence among the first W/
masked positions from the left, which guarantees progress at every iteration. All positions in A; are
then filled with their predictions y; from the same forward pass, and the remaining positions stay
masked for the next iteration. In Figure [3p, A and B are committed together because little entropy
separates them, while C' waits despite its stable prediction because the entropy accumulated before
it exceeds f.

Variants. Full RPD decodes over the full canvas without blocks, relying on the cumulative entropy
budget to determine commitment order. We also consider RPD-block, which applies the candidate
selection of Section [3.1] within fixed 32-token blocks and omits the cumulative entropy budget,
relying on the block order alone. It isolates the contribution of layerwise stability and offers a faster
operating point, while full RPD further delays candidates with uncertain upstream context.



Table 1: Main results across mathematical reasoning and code generation benchmarks. Bold indi-
cates the best result among all methods, while underline indicates the better result between our two
variants when neither is best overall.

Model Benchmark Metric \ Default Fast-dLLM EB-Sampler LoPA DAPD \ RPD-block RPD

pass@11 | 57.32 60.37 56.71 5549  55.49 59.76 60.98

HumanEval ~ NFE | 256.00 64.54 78.35 3579 7174 61.72 63.09

TPS 1 7.35 31.69 25.57 1971 20.93 3171 30.07

pass@11 | 56.80 58.20 56.80 5120 56.40 58.00 58.40

b . MBPP NFE | 256.00 57.63 62.41 3695 65.05 55.49 55.89

{eam‘ TPS 1 4.09 16.82 15.30 11.78 13.82 17.34 15.14
nstruct

Acc. 1 81.35 81.73 81.35 81.65 80.59 81.27 81.80

GSM8K NFE | 256.00 76.04 89.26 3720 79.01 70.78 82.03

TPS 1 8.98 30.03 25.53 2090  22.02 30.82 24.56

Acc. 1 41.80 46.00 45.00 4400 41.80 44.20 45.80

MATH-500  NFE | 256.00 114.34 124.60 5528 112.64 108.93 116.17

TPS 1 12.57 29.74 27.09 2043 24.07 30.51 27.71

pass@11 | 43.29 43.29 43.90 4024 41.46 41.46 43.90

HumanEval ~ NFE | 256.00 44.48 59.06 24.68  49.09 41.23 40.59

TPS 1 7.70 43.13 32.10 2932 36.46 46.23 4529

pass@1 1 | 39.60 40.20 39.20 3940 37.80 38.60 40.60

LLaDA.g MBPP NFE | 256.00 44.73 53.26 2394 4716 40.61 38.16

I;‘glm'cl TPS 1 5.93 33.13 26.96 2158  28.62 33.91 35.92

Acc. 1 76.50 76.35 79.15 7650  76.19 75.74 78.85

GSM8K NFE | 256.00 77.09 88.79 3835  75.77 69.08 71.76

TPS 1 10.50 35.63 30.72 25.83 3434 38.55 35.30

Acc. 1 38.00 37.40 39.00 38.60 37.20 37.80 38.80

MATH-500  NFE | 256.00 103.78 116.01 50.39 98.71 93.99 98.88

TPS 1 1131 27.59 24.46 19.48  28.18 30.00 26.77

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Datasets. We evaluate mathematical reasoning on the full test sets of GSM8K (Cobbe et al.,
2021) and MATH-500 (Hendrycks et al 2021} Lightman et al.l |2024), and code generation on
HumanEval (Chen et al., 2021) and MBPP (Austin et al., 2021). We use fixed, task-specific zero-
shot prompts, the models’ native chat templates, and a maximum generation length of 256 tokens
for every dataset. The same prompts are shared by all decoding methods. Their exact wording is

given in Appendix [A.T]

Models and Baselines. We evaluate LLaDA-8B-Instruct (Nie et al. [2026) and Dream-7B-
Instruct (Ye et al.,2025). We compare with each model’s default sampler and with Fast-dLLM (Wu
et al.,|2026), EB-Sampler (Ben-Hamu et al., |2026)), LoPA (Xu et al.,[2025)), and DAPD (Kim et al.,
2026). The default samplers are LLaDA’s block-wise greedy decoder and Dream’s full-canvas en-
tropy sampler (temperature 0.1, top-p = 0.9). All accelerated baselines and RPD-block decode
within 32-token blocks, whereas full RPD decodes over the full canvas. All methods share the
same checkpoints, prompts, generation budget, and evaluators; method-specific settings are given in

Appendix [A.5]

Metrics. We report accuracy on GSM8K and MATH-500 and pass@1 on HumanEval and MBPP.
For efficiency, we report the number of function evaluations (NFE) and throughput in tokens per
second (TPS). NFE is the average number of backbone forward passes per example, where each
lookahead or branch evaluation counts as a separate pass. TPS is the number of generated tokens
divided by the wall-clock time of the decoding loop, measured with batch size 1 on a single NVIDIA
A6000 with GPU synchronization before each timing. NFE reflects model evaluation cost, while
TPS reflects practical decoding speed, including the overhead of each method’s selection rule.

4.2 MAIN RESULTS

Table [T compares RPD with existing decoding methods across two models and four benchmarks.
RPD variants achieve the highest throughput in every setting, with 2.4-6.1x speedups over the
default samplers.
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Figure 4: Accuracy-throughput trade-offs on LLaDA (top) and Dream (bottom). Fast-dLLM and
EB-Sampler are swept over their confidence threshold and entropy budget, respectively, with each
point labeled by its value. Other methods are shown at their default configurations.

Accuracy. These speedups come without a loss in accuracy. RPD ranks first or second in accuracy
in all eight settings. Relative to Fast-dLLM, which commits tokens by confidence alone, RPD
improves accuracy in seven settings and remains within 0.2 points in the remaining one. Only Fast-
dLLM on Dream MATH-500 and EB-Sampler on the LLaDA math benchmarks exceed RPD, the
latter at noticeably lower throughput. Combining layerwise stability with upstream uncertainty thus
identifies reliable tokens more effectively than a single confidence or entropy criterion.

RPD versus RPD-block. The two variants offer complementary trade-offs. Full RPD removes
the block structure and relies on the cumulative entropy budget to order commitment. It improves
accuracy over RPD-block in all eight settings at a modest cost in throughput, indicating that adaptive
ordering based on upstream uncertainty is more reliable than a fixed block schedule. This supports
the finding in Section[2.T} deferring predictions with uncertain upstream context improves reliability,
while layerwise stability alone already enables aggressive parallel commitment.

NFE and TPS. LoPA requires the fewest forward evaluations, but it has the lowest TPS among the
accelerated methods, since its lookahead branches increase the cost of each evaluation. NFE there-
fore does not fully reflect decoding cost, and we treat TPS as the primary efficiency metric. RPD
adds only layerwise projections to each forward pass, and its overhead remains small (Section 4.3).

4.3 QUALITY-EFFICIENCY TRADE-OFFS

Table [I] evaluates each method at a single configuration. To examine whether the baselines can
reach a better trade-off by adjusting their thresholds, Figure ] sweeps the confidence threshold of
Fast-dLLM and the entropy budget of EB-Sampler.

Baseline trade-offs. The default configurations of both baselines lie at the conservative end of
their curves. Relaxing the thresholds increases throughput but reduces accuracy, and the drop is
steep on code generation: on LLaDA, Fast-dLLM falls from 40.2 to 24.8 on MBPP and from 43.29
to 27.44 on HumanEval as its threshold decreases from 0.9 to 0.6. A single confidence or entropy
criterion cannot distinguish reliable predictions from unsupported ones, so admitting more tokens
also admits more errors (Section[2)).

Position of RPD. On LLaDA, RPD lies above the Fast-dLLM curve on all four benchmarks and on
or above the EB-Sampler curve, with the clearest margin on MBPP. On Dream, RPD lies at the high-
accuracy end of the frontier, matching the accuracy of the most conservative baseline configurations.



Table 2: Component ablation of RPD. Starting from confidence-based decoding, we add predic-
tion persistence (PP), confidence drop (CD), and cumulative entropy (CE). Confidence (full canvas)
commits all predictions with confidence of at least 0.9 without block structure. We report accuracy
(Acc.), number of function evaluations (NFE), and throughput (TPS). On Dream, confidence decod-
ing commits EOS tokens early and truncates the response, so few tokens count toward TPS.

\ LLaDA-8B-Instruct \ Dream-7B-Instruct
Variant | GSMSK \ HumanEval \ GSMSK \ HumanEval
| Acct NFE| TPSt | Acet NFE|, TPSt | Acc.t NFE| TPSt | Acet NFE| TPSt

Confidence | 54.59 88.02 28.65 | 27.44 4893 31.03 | 3556 10589 1.69 | 21.95 90.07 3.57
+ block32 7635 77.09 35.63 | 43.29 4448 43.13 | 81.73 76.04 30.03 | 60.37 6454 31.69
+ PP 74.00 4480 57.50 | 31.10 28.88 64.57 | 71.87 4841 4353 | 4878 47.97 40.06
+CE 7892 80.84 33.23 | 43.29 4523 4246 | 81.88 88.03 2453 | 6098 65.62 29.75
+PP+CD | 7574 69.08 38.55 | 4146 4123 4623 | 81.27 70.78 30.82 | 59.76 61.72 31.71
Full RPD 78.85 71.76 3530 | 43.90 40.59 4529 | 81.80 82.03 2456 | 60.98 63.09 30.07

Here the gains are smaller because confidence-based decoding already retains the accuracy of default
decoding, leaving limited room for improvement. RPD-block shifts toward higher throughput at
slightly lower accuracy, consistent with Section[#.2] LoPA and DAPD lie below or to the left of the
frontiers in all settings.

4.4 ABLATION STUDIES

Table[2]starts from confidence-based decoding over the full canvas and adds ordering constraints and
the components of RPD: prediction persistence (PP, Eq. [2)), confidence drop (CD, Eq.[3), and cumu-
lative entropy (CE, Eq. [I). Without any ordering constraint, confidence-based decoding degrades
sharply: removing the block structure lowers accuracy from 76.35 to 54.59 on LLaDA GSMS8K
and from 81.73 to 35.56 on Dream GSMS8K. Confident predictions near the end of the sequence
are committed before their supporting computations (Figure [5h), and on Dream these early com-
mitments are often EOS tokens that truncate the response. Block-wise decoding avoids this failure
through a fixed order. CE also decodes over the full canvas, yet matches or exceeds the accuracy
of block-wise decoding in all four settings, with the largest gain on LLaDA GSMS8K (+2.6 points).
Deferring candidates with uncertain upstream context thus provides an adaptive commitment order
without a fixed block schedule, at the cost of more forward evaluations.

Layerwise stability recovers this parallelism. Within blocks, PP alone reduces NFE by 26—42% but
causes large accuracy drops, for example from 43.29 to 31.10 on LLaDA HumanEval, because it
admits predictions that keep the same token across layers while losing probability. Adding CD re-
moves most of these predictions, recovering most of the lost accuracy while requiring fewer forward
evaluations than block-wise confidence decoding in all four settings (Table [2). Combining the two,
full RPD retains the accuracy of CE while reducing NFE by 4-11% and matching or increasing
throughput in all four settings.

4.5 DECODING BEHAVIOR AND OVERHEAD

Commitment order. Figure [Sh—b shows when each output position is committed on LLaDA
GSMSK. Full-canvas commits both ends of the sequence early and fills the middle last, produc-
ing an X-shaped pattern. Positions near the end, where the final answer is usually written, are often
committed before the reasoning that supports them, which is the premature commitment illustrated
in Figure[I] RPD also decodes over the full canvas, yet commits positions in an approximately left-
to-right order. The cumulative entropy budget thus recovers a dependency-respecting order without
a fixed block schedule. Per-sample trajectories are provided in Appendix [A.7]

Runtime overhead. Figure 5t decomposes the runtime of each method. The backbone forward
pass dominates in all cases. Layerwise projection and scoring add only a small cost, so RPD runs at
1.03 x the runtime of Fast-dLLM and RPD-block at 0.96 x. In comparison, LoPA, EB-Sampler, and
DAPD require 1.45x%, 1.24x, and 1.16x, respectively.
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Figure 5: (a, b) Commitment order of Full-canvas and RPD on LLaDA GSMS8K. Each cell shows
the percentage of samples in which an output position is committed at a given normalized decoding
progress. (c) Runtime of each method relative to Fast-dLLM, decomposed into backbone forward,
layer projection, scoring and gating, and other operations.

5 RELATED WORK

Parallel decoding in masked diffusion language models. MDLM develops
masked diffusion for language modeling, while LLaDA and Dream (Ye et al)
demonstrate its use in instruction following, mathematical reasoning, and code generation.
Fast-dLLM 2026) combines approximate KV caching with confidence thresholds for
parallel decoding. EB-Sampler (Ben-Hamu et all, [2026) controls parallel unmasking through an
entropy budget supported by an analysis of sampling error. Other methods search over decoding
decisions. LoPA 2025) uses parallel lookahead to find token-filling orders that allow more
parallel decoding in later steps. Ripple-Pivot Search searches for pivot positions
and token assignments that reduce uncertainty at other masked positions. Unlike these search-based
methods, we assess which tokens to commit using upstream uncertainty and layerwise predictions
from the current forward pass, without exploring alternative continuations.

Dependencies and commitment order. DAPD selects independent sets from an
attention-based dependency graph to avoid jointly updating strongly coupled positions. DOS
2026) orders masked positions by their dependence on observed context. [Yeom et al (2026)
show that committing answers too early can reduce reasoning accuracy and studies frontier gating
to address this problem. We also study premature commitment, but distinguish dependencies that
require further decoding steps from those that can be resolved within one forward pass. This dis-
tinction motivates separate checks for upstream uncertainty and prediction stability, allowing parallel
commitment when further decoding steps are unnecessary.

Layerwise predictions and stability. The tuned lens (Belrose et all, 2023) uses learned affine
probes to obtain vocabulary distributions from intermediate layers, while DoLa
2024]) contrasts predictions across layers to improve factuality. Stability-Weighted Decoding
Huang| uses distributional changes between consecutive denoising steps to score tokens. We
instead examine prediction consistency across layers within one forward pass and combine it with
final confidence to select tokens for commitment. We use layerwise predictions to choose positions,
without training probes or modifying token distributions through layer contrast.

6 CONCLUSION

We studied when masked diffusion language models can reliably commit multiple tokens in paral-
lel. Our diagnostics show that confidence alone does not determine a reliable commitment order:
downstream predictions are less reliable when their upstream information remains uncertain, and
predictions that remain stable across layers are more likely to be correct. Based on these findings,
we proposed Reliable Parallel Decoding (RPD), a training-free method that selects candidates by
layerwise stability and orders their commitment by a cumulative entropy budget. Without a fixed
block schedule, RPD commits tokens in a dependency-respecting order and achieves the highest
throughput among the evaluated methods while maintaining or improving accuracy.
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A APPENDIX

A.1 PROMPTS

All benchmarks use a single zero-shot instruction, filled with the raw benchmark field and wrapped
in the model’s native chat template with add_generation_prompt=True; the filled instruction
is the only user turn. Figures[6H9|give the four instructions verbatim, and Figures[IOHII|give the chat
wrapping of each backbone. LLaDA receives no system turn; Dream’s tokenizer template prepends
its own default turn, You are a helpful assistant. We add no system message, demon-
stration, assistant prefill, or input truncation beyond this.

Prompt template for GSM8K N

System instruction
None for LLaDA. For Dream the tokenizer chat template prepends its default turn:
"You are a helpful assistant."

User template
Solve the following problem step by step.

Problem:
{question}

End your response with a line in the format:
#### <answer>
where <answer> is only the final numerical answer, without units.

Figure 6: GSMB8K instruction.

Prompt template for MATH-500

System instruction
None for LLaDA. For Dream the tokenizer chat template prepends its default turn:
"You are a helpful assistant."

User template
Solve the following mathematics problem step by step.

Problem:
{problem}

Put your final answer in \boxed{} on the last line.

Figure 7: MATH-500 instruction.

A.2 DIAGNOSTIC DATA AND IMPLEMENTATION

Data construction. We deterministically sample 2,000 examples from the GSM8K-Aug training
set using seed 325. Each example contains a verified multi-step arithmetic trace and an integer final
answer. We require at least 48 eligible upstream digit positions and exclude examples in which the
final answer appears literally in the question, an earlier equation, or the left-hand side of the final
equation.

The input consists of the question followed by the gold reasoning trace, with the right-hand
side of the final equation serving as the target answer. For each example, we independently

12



Prompt template for MBPP

System instruction
None for LLaDA. For Dream the tokenizer chat template prepends its default turn:
"You are a helpful assistant."

User template
Write a Python solution for the following task.

Task:
{text}

Your solution must pass these tests:
{test_list}

Return only the Python code, including any necessary imports.
Do not include Markdown fences, explanations, or test calls.

Figure 8: MBPP instruction. {test_1ist} is filled with the first three public tests.

Prompt template for HumanEval

System instruction
None for LLaDA. For Dream the tokenizer chat template prepends its default turn:
"You are a helpful assistant."

User template

Implement the Python function specified below.

Preserve the function name and signature, and follow the specification
and examples in the docstring.

{prompt}

Return the complete Python implementation, including any necessary imports.
Do not include Markdown fences, explanations, or test calls.

Figure 9: HumanEval instruction.

sample 16 upstream masking patterns for each mask count m € {4,8,16,32}. Selected up-
stream digits and all target-answer digits are masked simultaneously; all other positions re-
tain their gold tokens. This produces 64 states per question and 128,000 states per model.
LLaDA and Dream use identical questions and character-level masking patterns, mapped into
each tokenizer through explicit digit tokenization. All experiments in this paper use the pub-
lic instruction-tuned checkpoints GSAI-ML/LLaDA-8B-Instruct (revision 08b83a6) and
Dream-org/Dream-v0-Instruct-7B (revision 05334cb), in bfloat16. Masking patterns
are defined over characters so that both backbones see the same masks. To map them into each
tokenizer we first verify that every digit 0—9 encodes to exactly one token in that vocabulary, then
build the input by explicit segmentation: the reasoning prefix is encoded in runs, and each digit
character is emitted as its own single-token encoding, recording the resulting token index for that
character. Digits are masked only inside arithmetic content, never in step-number labels, and every
target-answer digit is emitted the same way. A masking pattern therefore selects the same characters,
and hence positionally corresponding tokens, in both models; we assert that all selected upstream
positions precede the first target position.
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Chat wrapping for LLaDA-8B-Instruct

Chat template
Applied with the tokenizer chat template and add_ generation_prompt=True. The
filled task template is the sole user turn.

<|startoftext|><|start_header_id|>user<|end_header_id|>

<FILLED TASK TEMPLATE><|eot_id|><|start_header_id|>assistant<|end_header_id|>

Figure 10: Chat wrapping for LLaDA-8B-Instruct.

Chat wrapping for Dream-v0-Instruct-7B

Chat template
Applied with the tokenizer chat template and add_generation_prompt=True. The
filled task template is the sole user turn.

<|im_start|>system

You are a helpful assistant.<|im_end|>
<|im_start|>user

<FILLED TASK TEMPLATE><|im_end|>
<|im_start|>assistant

Figure 11: Chat wrapping for Dream-vO0-Instruct-7B.

Prediction and scoring. Every masked state is evaluated with one independent forward pass. Di-
agnostic probabilities are taken before temperature scaling, sampling noise, or top-p truncation.
For the upstream-entropy analysis, a state is correct only if the complete decoded numerical answer
matches the gold answer. For the layerwise analysis, a target token is correct if its final-layer argmax
matches the gold token. There are 531,264 target-token observations per model.

Intermediate-layer readout. We apply the model’s final normalization and language-model head
to intermediate hidden states. At the final layer, we use native logits without applying final nor-
malization twice. Dream predictions follow its native one-position logit alignment. The trajectory
analysis uses the final half of the transformer layers. Concretely, this is layers 17-32 of LLaDA’s 32
layers and layers 15-28 of Dream’s 28 layers, in both cases the final layer together with the posterior
half of the stack, giving 16 and 14 trajectory points respectively.

Let y; denote the final-layer argmax at position 7. Scanning backward from the final layer, we
count consecutive layers predicting y; until the first disagreement or the beginning of the analysis
window. This count is K;, and the suffix starts at s; = L — K; + 1. Earlier matches separated by a
disagreement are excluded. The peak-to-final drop r; is computed from the probability of the same
token y; throughout this suffix.

A.3 COMPLETE DIAGNOSTIC RESULTS
A.3.1 UPSTREAM ENTROPY

For each model and mask count, we retain questions whose 16 masking patterns contain both correct
and incorrect answers. Within each retained question, patterns are ranked by cumulative upstream
entropy. We average answer-error labels over the five lowest-entropy patterns and separately over
the five highest-entropy patterns. The reported rates average these question-level values with equal
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Table 3: Complete upstream-entropy results. n is the number of retained mixed-outcome questions.
Error rates are percentages; A is the paired high-minus-low difference in percentage points, com-
puted before rounding.

Model = Masks n  Lowentropy High entropy A
LLaDA 4 40 22.5 51.0 285
8 81 14.6 38.8 242
16 182 12.7 37.6 248
32 813 10.5 39.0 28.6
Dream 4 128 15.8 331 173
8 322 9.3 272 179
16 762 9.4 27.7 183
32 1513 21.1 51.0 299

weight. We compute 95% confidence intervals using 2,000 question-level bootstrap resamples, pre-
serving the low-high pairing within each question. The comparison does not match configurations
by target confidence or mask distance.

Table [3| reports all groups. High-entropy configurations have higher error rates for both models at
every mask count, and all paired differences have 95% confidence intervals above zero.

Paired differences with 95% question-level bootstrap intervals, in percentage points, are 28.5
[18.0,38.5], 24.2 [18.0,29.9], 24.8 [21.0,28.9] and 28.6 [26.5,30.5] for LLaDA, and 17.3
[13.9,20.9], 17.9 [15.5,20.2], 18.3 [16.4,20.2] and 29.9 [28.4,31.5] for Dream, at 4, 8, 16 and
32 masks respectively. Every interval lies above zero.

A.3.2 LAYERWISE AGREEMENT AND PROBABILITY DROP

The agreement curves group target tokens by final confidence into [0.6,0.7), [0.7,0.8), [0.8,0.9),
[0.9,0.95), and [0.95, 1]. For each interval and threshold k& € {2, ..., 10}, we report the token error
rate among observations satisfying K; > k. These selections are nested, and empty selections are
omitted. The curves are token weighted.

The Dream heatmap includes observations with final confidence in [0.6,0.9), K; > 2, and
r; > 0.08. Rows group agreement lengths into 2, 34, 5-8, and > 9. Columns use drop inter-

vals [0.08,0.16), [0.16,0.24), [0.24,0.32), and [0.32,0.40]. Each cell reports the token-weighted
error rate and observation count.

Two patterns follow. First, within a fixed confidence interval, requiring a longer agreement suffix
lowers the error rate, and the effect is largest exactly where the decision is hardest: in the [0.6,0.7)
interval Dream’s error rate falls from 26.5% at K; > 2 to 4.6% at K; > 10, while in [0.95, 1] the
curve is already flat, because such predictions are reliable whether or not they persist across layers.
This is what motivates applying the stability test only below 6},. Second, the two quantities interact:
a large confidence drop is tolerable when the prediction has persisted for many layers but not when
it has just appeared, which is why the score combines them as min(K;, Kynax) — wr; rather than
thresholding either alone.

A.4 COMMITMENT ORDER UNDER MODEL-SPECIFIC DECODING

All traces in this section commit exactly one position per forward pass on a 256-position canvas, for
the first GSM8K document, so the panels differ only in the setting named in their title.

LLaDA: with and without blocks. LLaDA’s block-wise decoder processes blocks sequentially,
preventing commitment in later blocks before the active block is completed. Figure [I2]contrasts this
with the same greedy maximum-confidence rule applied to the full canvas. With blocks of 32 the
commitment order is a clean left-to-right diagonal. Without blocks the order is still broadly left-to-
right, but the second half of the canvas receives scattered late commits that interleave with positions
committed much earlier: whole spans of the arithmetic are still dark while the text around them is
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already light. The block schedule, not the confidence rule, is what enforces the order. This trace
reproduces the archived default run token for token.

Dream: the role of the default sampler. Dream has no block structure; its default sampler draws
from the distribution obtained after temperature 0.1 and top-p 0.9, and commits the position whose
transformed distribution has the lowest entropy. Under this configuration we observe an approxi-
mately left-to-right commitment order (Figure[I3] top).

The temperature is not an incidental sampling detail. Setting it to zero, with no top-p truncation, and
keeping the same lowest-entropy rule reverses the order (Figure bottom): the trailing terminal
positions have the lowest entropy on the raw distribution, so they are committed first and the canvas
fills from right to left: in Figure (13| the terminal tokens are the lightest of the panel and the only
content left is the three tokens of a truncated answer. The ordering score must therefore be read
from the same transformed distribution the token is drawn from.

A.5 DETAILED EXPERIMENTAL CONFIGURATION

Prompts and evaluation. All experiments use dataset-specific zero-shot instructions and the
model’s native chat template, without demonstrations, a system message, assistant prefill, or in-
put truncation. The GSMS8K prompt asks for step-by-step reasoning and requires a final line of
the form #### <answer>. The MATH-500 prompt similarly requests a derivation followed by a
\boxed{} answer. For MBPP, the prompt supplies the task and its public tests and requests Python
code only. For HumanEval, it supplies the canonical function signature and docstring and requests
a complete implementation without Markdown fences, explanations, or test calls.

GSMBSK responses are scored by extracting the final answer and performing exact numeric com-
parison, treating equivalent decimal representations identically. MATH-500 uses symbolic answer
equivalence. HumanEval and MBPP are evaluated by executing the generated Python implemen-
tation against their tests; we apply the same formatting-only code-fence removal to every method.
NFE counts actual model forward calls, including LoPA branch evaluations. TPS excludes model
loading, tokenization, and task scoring. Generation is synchronized before timing, and each through-
put run occupies one NVIDIA A6000 GPU.

Default decoding. Every default run commits one token per forward evaluation. LLaDA uses
greedy maximum-confidence decoding with blocks of 32. Dream uses its official full-canvas entropy
sampler with temperature 0.1 and top-p = 0.9. Both models generate on a 256-position canvas.

A.5.1 MATCHED BASELINE CONFIGURATION.

For a controlled comparison, accelerated baselines use blocks of 32 and the same 256-token budget.

Fast-dLLM commits, in every forward pass, all masked positions in the active block whose final
confidence exceeds 0.9, and otherwise the single most confident position. The threshold is applied
per position and independently of how many positions are already committed in the same pass. Our
evaluation disables KV caching so that NFE and token-selection effects can be compared directly.

EB-Sampler sorts the masked positions of the active block by an error proxy (confidence, in our
runs) and commits the longest prefix of that order whose marginal entropies satisfy >, ., H; —
max;cy H; < 7, with v = 0.1 nats. The budget is shared by the whole prefix, so the least certain
admitted position is exempt and every additional position consumes budget. A single position is
therefore always affordable.

LoPA keeps a confidence anchor that commits all positions above 0.9, and additionally spawns
three lookahead branches, each extending the anchor by one greedy token at a distinct high-scoring
position. All four branches are verified in one batched forward pass and scored by the mean negative
entropy of the remaining masked positions of the block; the winning branch is retained and its logits
are reused in the next iteration. Every branch microbatch contributes to NFE.

DAPD uses the direct variant, which derives a dependency graph over the masked positions from
self-attention and commits an independent set of that graph, with the official task-specific depen-
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Full canvas (no blocks)

To determine how much Janet makes every day at the farmers ' market , we need to follow
these steps : \n \n 1 . Calculate the total number of eggs 1laid by Janet 's ducks per day .
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Blocks of 32

To determine how much Janet makes every day at the farmers ' market , we need to follow
these steps : \n \n 1 . Calculate the total number of eggs 1laid by Janet 's ducks per day .
\n 2 . Sub tract the number of eggs she eats for breakfast and b akes for her friends . \n 3

Calculate the number of eggs she sells . \n 4 . Multiply the number of eggs sold by the
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Figure 12: LLaDA commitment order with and without block structure, one commit per forward
pass. Each box is one generated token, shaded by the step at which it was committed.

dency thresholds. Unless explicitly specified above for the native Dream sampler, matched acceler-
ated baselines use greedy sampling without top-p truncation.

A.6 IMPLEMENTATION DETAILS OF RPD

Hyperparameters. Table[]lists the hyperparameters of RPD. All values are shared across bench-
marks. The stability threshold 6, and the confidence-drop weight w are the only model-specific
values; they were set once per backbone and then frozen for every benchmark.

Choice of confidence thresholds. The thresholds 6. and 6}, follow the diagnostics in Figure [2p.
Predictions with final confidence of at least 0.9 have near-zero error rates regardless of prediction
persistence, so a stability test adds little information for them. We therefore set 6, = 0.9 and admit
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Default sampler (temperature 0.1, top-p 0.9)

Jan et 's ducks lay 16 eggs per day .\n She eats 3 eggs for breakfast every morning , so
she has 16 - 3 = 13 eggs left .\n She b akes muff ins for her friends every day with
4 eggs , so she has 13 - Al = 9 eggs left .\n She sells the remainder at the farmers

' market daily for $ 2 per fresh duck egg , so she makes 9 * $2 = $18 every day‘ at
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Figure 13: Dream commitment order under its default sampler and under greedy decoding, one
commit per forward pass and lowest-entropy-first selection in both panels. Each box is one generated
token, shaded by the step at which it was committed; ~ marks a terminal token.

such predictions directly. For lower confidence, persistence becomes informative. In the lowest
analyzed range, [0.6,0.7), Dream’s token error rate decreases from 26.5% at K; > 2 to 4.6% at
K; > 10, reaching levels comparable to those of higher-confidence predictions. We therefore set
0. = 0.6 and allow predictions in [0.6, 0.9) to become candidates when they pass the stability test.
Predictions below 6. are never admitted in the current iteration.

Choice of the stability threshold and drop weight. Unlike 6. and 6, which are read directly off
the confidence axis of the diagnostics, 65 and w describe how the two layerwise quantities should be
traded against each other, and we set them from the same analysis in Section[2.2] Two observations
fix their form. First, the benefit of persistence saturates: beyond a handful of agreeing layers the error
rate is already flat, so the score caps persistence at K,,,x = 6 and 6, only has to separate predictions
that have settled from those that have not. Second, the tolerable confidence drop depends on how
long the prediction has persisted; for K; = 5-8 the error rate rises from 4.6% to 23.7% across
the drop range, while for K; > 9 the same range costs only a few points. A single linear penalty
w r; reproduces this coupling: under a fixed threshold, a longer suffix buys tolerance for a larger
drop, up to the cap. We chose w so that the implied ceiling (K pax — 05)/w sits just above the drop
region that Figure 2 still shows as low risk, giving 0.167 for LLaDA and 0.175 for Dream. The two
backbones need slightly different values because their trajectories saturate at different depths, which
is also why ¢ differs. The resulting pair was then frozen for both models, all four benchmarks and
both variants; no benchmark-specific or task-specific tuning is performed anywhere in the paper.
Figure T3] confirms that the committed predictions sit well inside the implied ceiling.

Layerwise projection. We compute K; and r; by projecting the hidden states of layers ¢y, ..., L
through the model’s final normalization and output head, following the procedure in Section
All projections reuse the hidden states of the current forward pass and require no additional forward
evaluation. Two restrictions keep this inexpensive. First, only the currently masked positions are
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Table 4: Hyperparameters of RPD.

Symbol Description Value

On High-confidence threshold (bypasses the stability test) 0.9

0. Minimum confidence for stability-based admission 0.6

0 Stability threshold 3.5 (LLaDA) /2.5 (Dream)
Kiax Cap on prediction persistence 6

w Weight of the confidence-drop penalty 15 (LLaDA) / 20 (Dream)
B8 Cumulative entropy budget 4 nats

Ly First layer used for layerwise projection 17 (LLaDA) / 15 (Dream)
w Fallback window when no candidate is committable 32

projected, never the already committed prefix. Second, only the posterior half of the stack is pro-
jected, and the final layer reuses the raw logits of the forward pass rather than being normalized a
second time. The projection is further evaluated lazily, so that layers are materialized only until the
agreement suffix of a position is determined. Figure Sc reports the resulting runtime overhead.

What the stability test actually admits. Because the admission rule is S; = min(K;, Kpax) —
wr; > 05 with K, = 6, the thresholds impose a hard ceiling on the tolerated confidence drop:
r; < (6 —0s)/w, whichis 1/6 ~ 0.167 for LLaDA and 0.175 for Dream. The distributions below
are therefore selection-induced and are not unconditional model statistics. Figures [[4HI3] show
them over all committed stability-admitted tokens of the full runs. On LLaDA GSMS8K, RPD-block
admits 29,957 tokens through the stability route against 273,423 through the high-confidence route
and 34,284 by fallback; the admitted tokens have median confidence 0.858 [0.774,0.892] at the 10th
and 90th percentiles, median persistence K; = 7, and median drop 0.117 with a 90th percentile of
0.156. Full RPD on the same cell is nearly identical (27,991 stability commits, median confidence
0.861, median drop 0.116), and Dream behaves the same way at its own ceiling (median drop 0.125,
90th percentile 0.165). No committed token exceeds a drop of 0.25 in any cell. The stability route
therefore contributes roughly 8-10% of all commits, concentrated in the intermediate confidence
band it was designed for.
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Figure 14: Final confidence of tokens admitted by the stability test.

RPD-block. RPD-block applies the candidate selection of Section [3.1] within fixed decoding
blocks of 32 tokens and omits the cumulative entropy budget, relying on the block order alone.
It uses the same 6}, 6., 05, Kiax, w and ¢y as Full RPD; only the commitment rule differs. When
no candidate passes, it falls back to the most confident masked position of the active block.

19



—— RPD-block —— RPD
LLADA - GSM8K LLADA - MATH500 LLADA - MBPP LLADA - HUMANEVAL

S 0.104 9 1

0.08+ 4 B

Fraction of SP com

o ©°

o o

5 o
L L
L

0.024 9 B

T T T T T T T T T T
DREAM - GSM8K DREAM - MATH500 DREAM - MBPP DREAM - HUMANEVAL

0.144 B
v -
E 0.124 1
6 0.104 B
s
o
v 0.084 4
w“
Is}
75 0.06 4
2 0.044 1
i
0.024 1 B
0.00-— T T T T T T T T T T T T T T
0.00 0.05 0.10 0.15 0.00 0.05 0.10 0.15 0.00 0.05 0.10 0.15 0.00 0.05 0.10 0.15
Peak-to-final drawdown Peak-to-final drawdown Peak-to-final drawdown Peak-to-final drawdown

Figure 15: Confidence drop r; of tokens admitted by the stability test. The upper limit in each panel
is the selection ceiling (Kynax — 0s)/w.

A.7 TRAJECTORIES VISUALIZATION

Figure [I6] places the three decoders side by side on the same GSM8K document, plotting the step
at which each output position is committed. Committing one token per forward pass over the full
canvas produces a broadly left-to-right order, but the second half of the canvas receives scattered
late commits. Fast-dLLM’s block structure removes that scatter and yields a strict block-by-block
staircase, at the cost of never committing outside the active block. RPD recovers the same left-
to-right progression on the full canvas without any block schedule, and does so in fewer steps:
95 forward passes against 114 for Fast-dLLM and 256 for one-token-per-forward decoding. The
cumulative entropy budget is therefore doing the work that the block schedule does for Fast-dLLM,
while remaining free to commit anywhere on the canvas when the upstream context allows it.
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Figure 16: Commit step of each output position under three decoders, LLaDA on GSMS8K (first
document). Lower is earlier.
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