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Abstract

Masked diffusion language models (MDLMs)
have recently emerged as a new paradigm in
language modeling, offering flexible genera-
tion dynamics and enabling efficient parallel
decoding. However, existing decoding strate-
gies for pre-trained MDLMs predominantly
rely on token-level uncertainty criteria, while
largely overlooking sequence-level information
and inter-token dependencies. To address this
limitation, we propose Dependency-Oriented
Sampler (DOS), a training-free decoding strat-
egy that leverages inter-token dependencies to
inform token updates during generation. Specif-
ically, DOS exploits attention matrices from
transformer blocks to approximate inter-token
dependencies, emphasizing information from
unmasked tokens when updating masked posi-
tions. Empirical results demonstrate that DOS
consistently achieves superior performance on
both code generation and mathematical reason-
ing tasks. Moreover, DOS can be seamlessly
integrated with existing parallel sampling meth-
ods, leading to improved generation efficiency
without sacrificing generation quality.

1 Introduction

Large language models (LLMs) have achieved re-
markable progress in recent years, demonstrating
strong performance in tasks such as code gener-
ation and mathematical reasoning (Achiam et al.,
2023; Grattafiori et al., 2024; Guo et al., 2025;
Yang et al., 2025a). Built upon transformer archi-
tectures (Vaswani et al., 2017), most existing LLMs
are trained via next-token prediction and generate
text in an autoregressive (AR) manner (Radford
et al., 2018, 2019; Brown et al., 2020). Despite
its strong effectiveness, the AR paradigm inher-
ently enforces a strict left-to-right generation order,
which limits parallel decoding and constrains the
flexibility of generation dynamics (Xia et al., 2024;
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Qin et al., 2025; Li et al., 2026). These limita-
tions have motivated the exploration of alternative
generation paradigms beyond AR modeling.

Inspired by the success of diffusion models
in continuous domains (Ho et al., 2020; Nichol
and Dhariwal, 2021; Jing et al., 2022; Esser
et al., 2024), masked diffusion language mod-
els (MDLMs) have recently emerged as a new
paradigm for text generation (Austin et al., 2021a;
Shi et al., 2024; Sahoo et al., 2024; Nie et al., 2025;
Ye et al., 2025). MDLMs define a forward noising
process that progressively masks tokens in a text
sequence, and learn a reverse denoising process to
reconstruct the original sequence by predicting its
masked tokens. Compared to AR models, MDLMs
enable flexible generation orders and allow tokens
to be predicted in parallel at each denoising step.
Some recent studies (Arriola et al., 2025; Yang
et al., 2025¢; Wang et al., 2026) further extend
MDLMs to the block-wise diffusion model, where
the sequence is partitioned into multiple blocks,
striking a balance between auto-regressive models
and diffusion language models.

To further strengthen generation in pre-trained
MDLMs, various decoding strategies have been
proposed to restructure the decoding order of
masked tokens (Chang et al., 2022; Koh et al., 2024;
Nie et al., 2025; Kim et al., 2025a) and improve
the efficiency of parallel decoding (Wu et al., 2026;
Kim et al., 2025a; Ben-Hamu et al., 2025). For
example, Kim et al. (2025a) analyzes the influence
of generation order in MDLMs and proposes a
new inference strategy, leading to significant im-
provements in generation quality. Although these
methods have achieved remarkable results, several
aspects of the decoding process remain underex-
plored.

A key limitation is that existing decoding strate-
gies for MDLMs are primarily based on the output
logits of MDLMs and leverage uncertainty-based
criteria to guide token updates (Chang et al., 2022;
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Figure 1: Accuracy on GSM8K using LLaDA-Instruct-
8B (Nie et al., 2025) with a fixed generation length of
512 tokens. Block size 32 corresponds to block-wise
decoding, while 512 represents the single-block set-
ting. Existing methods (Fast-dLLM (Wu et al., 2026),
KLASS(Kim et al., 2025b), Confidence(Chang et al.,
2022)) degrade under large block sizes, whereas DOS
(ours) remains consistent and robust across both set-
tings.

Koh et al., 2024; Kim et al., 2025a; Nie et al., 2025).
These criteria mainly focus on token-level uncer-
tainty, while lacking an explicit mechanism to cap-
ture sequence-level information, particularly inter-
token dependencies. As a result, they may amplify
the discrepancy between marginal token distribu-
tions and the true joint distribution over sequences.

In addition, diffusion language models tend
to overestimate the confidence of the [EOS] to-
ken in long sequences, which can lead to prema-
ture or repeated generation of [EOS] tokens and
consequently degraded generation quality (Yang
et al., 2025b; Nie et al., 2025). As shown in Fig-
ure 1, while recent approaches achieve strong per-
formance under block-based decoding (Wu et al.,
2026; Kim et al., 2025b), they do not fully address
the issue of erroneous [EOS] generation, resulting
in a significant performance drop when extended
to long-sequence or single-block settings. We at-
tribute these phenomena to a more fundamental lim-
itation of logit-based decoding strategies. Specifi-
cally, since such methods rely on token-level con-
fidence signals, they lack an explicit mechanism
to capture global sequence-level information and
inter-token dependencies, which can lead to incon-
sistent and suboptimal generations. These obser-
vations highlight the need for decoding strategies
that are independent of block structures and can
explicitly model inter-token dependencies during
generation.

From this perspective, we revisit the generation
process of diffusion language models from a distri-
butional perspective and analyze the role of decod-
ing order in recovering the target joint distribution.

Based on this analysis, we propose Dependency-
Oriented Sampler (DOS), a training-free decoding
strategy that leverages scores derived from the at-
tention matrix to guide token updates. Specifically,
we exploit the scaled dot-product attention weights,
ie., softmax(QK T /v/d), as a proxy for inter-
token dependency (Vaswani et al., 2017) , and use
them to induce a dependency-aware decoding order.
This attention-based scoring mechanism enables
us to recover dependencies between unmasked to-
kens and masked tokens, facilitating a dependency-
aligned decoding order with respect to the token
generation process. Since the attention matrix can
be directly obtained from the transformer block in
the forward pass, our proposed method does not re-
quire any additional training or computational cost.
Empirically, DOS achieves high-quality generation
in a single-block setting and still outperforms exist-
ing decoding strategies, even when those methods
employ multiple decoding blocks. Moreover, as a
general criterion for decoding order, DOS can eas-
ily integrate other accelerated sampling methods,
improving sampling efficiency while preserving
generation quality.

2 Related Works

Discrete Diffusion Language Models Early re-
search into discrete diffusion generally falls into
two paradigms: transition-based frameworks and
score-based methods. D3PM (Austin et al., 2021a)
pioneered the adaptation of continuous diffusion
concepts (Ho et al., 2020) to discrete state spaces
via corruption processes defined by transition ma-
trices. Extending this to continuous time, Campbell
et al. (2022) utilized continuous-time Markov chain
(CTMC) theory to formulate the forward-backward
dynamics, deriving a negative ELBO objective in
the continuous limit. Alternatively, inspired by the
success of denoising score matching (Song et al.,
2021), several works have proposed discrete coun-
terparts to the Stein score for modeling discrete
data distributions (Meng et al., 2022; Lou et al.,
2024). More recently, the focus has shifted towards
simplified MDLMs. Studies by Ou et al. (2025); Sa-
hoo et al. (2024); Shi et al. (2024) demonstrate that
simplified masking mechanisms can significantly
enhance performance, effectively bridging the gap
between diffusion-based and AR models. Tran-
sitioning from small-scale experiments to LLMs,
recent works have begun to investigate the scal-
ing laws of discrete diffusion. LLaDA (Nie et al.,
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2025) scales the architecture up to 8 billion param-
eters, showcasing impressive reasoning capabilities
that were previously unseen in smaller discrete dif-
fusion models like GPT-2 (Radford et al., 2019).
Furthermore, Dream (Ye et al., 2025) introduces
a novel training paradigm by initializing diffusion
models with pre-trained AR weights, thereby com-
bining the strengths of both generative approaches.

Decoding Strategies The decoding strategy that
determines the order and pace of token genera-
tion is pivotal for the efficiency and quality of
diffusion language models. While standard ap-
proaches like MDLM (Sahoo et al., 2024) typ-
ically employ a stochastic unmasking schedule
where masked tokens are updated randomly, this
naive strategy is often suboptimal for complex rea-
soning tasks in large-scale models. To address
this, recent research focuses on uncertainty-aware
decoding. LLaDA (Nie et al., 2025) introduces
a confidence-based criterion, prioritizing the un-
masking of tokens with higher prediction confi-
dence. Similarly, other works utilize entropy (Koh
et al., 2024) or margin confidence (Kim et al.,
2025a) as metrics to determine the decoding or-
der. Beyond token-level ordering, LLaDA also
explores a semi-autoregressive block-wise strat-
egy, where sequences are generated in parallel
blocks; this method has proven particularly effec-
tive for structured tasks like coding, significantly
outperforming random ordering. Another critical
line of research targets acceleration and dynamic
scheduling. Instead of using a fixed top-k selection,
Fast-dLLM (Wu et al., 2026) employs a flexible
confidence threshold to adaptively select multiple
tokens per step. To ensure generation stability,
KLASS (Kim et al., 2025b) introduces a metric
to measure the stabilization between consecutive
predictions. Furthermore, the EB-sampler (Ben-
Hamu et al., 2025) theoretically derives an upper
bound for multi-token prediction errors, utilizing
this bound to dynamically optimize the number of
unmasked tokens at each step, thereby achieving a
balance between speed and accuracy.

3 Preliminaries

In this section, we review the background and train-
ing objective of masked diffusion language models,
and summarize their forward noising and reverse-
time generation processes.

LetV = {1,...,V} denote a discrete vocabu-
lary of size V, and let g € VL denote a sequence

of length L, where z{, is the i-th token. To model
the masking process, the state space is extended by
introducing a dedicated mask symbol [M] = V 41,
resulting in an augmented vocabulary of size V' + 1.
Let 6, € RV*! denote the one-hot vector whose
a-th coordinate equals 1.

Masked diffusion language models can be for-
mulated as a continuous-time masking (noising)
process with factorized transitions q(x:|xs) =
TIL, q(xi|al) for 0 < s < t < 1, where
(J(wﬂwé) = Cat(xi; %513@ -+ asa—sat 5[M])- For
example, LLaDA (Nie et al., 2025) uses the
linear schedule oy = 1 — t, so q(zi|z)) =
Cat (:ci, (1-— t)&mé + té[M]) and the process
reaches the fully masked state [M]" at¢ = 1

Conditioned on x, the posterior ¢(xs | x;, o)
factorizes as [~ (! | @}, @), with

s

Cat (@l =20 + 5200, ).

| (1)
where the first case applies when x} # [M], and
the second case applies when i = [M]. Equation
(1) (Shi et al., 2024; Sahoo et al., 2024) suggests
parameterizing the reverse-time transitions by sub-
stituting a learned predicted distribution of x¢ into

the analytic posterior:

, o Cat(x;6,),
(@ | 2, xh) = o

po(xs|xy) = q(xs|xe, o = fo(xt))

q(zl|z), zh = folzy)), (2)
=1

where fo(z;) € REXVHD and fi(z;) € RV*!
is the model’s output for the i-th token. f}(x;)
satisfies Z};l fé’j(:ct) = 1 and fé’[M] () =0
for all 7. The training objective is to predict the
masked states in each step with the g, which can
be simplified as :

L£(0) = —Ei 0,2, [% Y11 1w} = M1 log pe (5 | ﬂft)}-

3)
By minimizing the training objective, fy can ap-
proximate the conditional distribution of masked
tokens given ;. During inference, ) is first pre-
dicted from x; using fj(x;). For masked states
[M], the predicted x, is decoded with probability
Q=N while the token remains masked with prob-

1—ay ?
1—ag

ability 3=g2

. Unmasked states are kept unchanged.
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Figure 2: A toy example for parallel decoding in MDLMs, where C denotes the prompt or unmasked tokens
and {X;}#_, are masked tokens. Different factorizations of p(X1, Xa, X3, X4|C) correspond to different parallel
decoding orders. Only factorizations that respect the underlying dependency structure are able to recover the true
joint distribution, while improper independence assumptions lead to distribution mismatch.

4 Distributional Analysis of Parallel
Decoding

4.1 Distributional Mismatch in Parallel
Decoding

As discussed above, masked diffusion models are
trained to match marginal distributions by condi-
tioning on some unmasked tokens. However, the
ultimate goal of the generation is to reconstruct the
target joint distribution.

As illustrated by the toy example in Figure 2,
different parallel decoding strategies correspond
to different factorizations of the joint distribution
p(X1, X2, X3, X4 | C). Formulation (a) predicts
all tokens simultaneously and formulation (b) per-
forms parallel decoding under an incorrect block-
wise factorization, which induces an invalid hier-
archical dependency structure. Simply imposing
a block-wise partition does not resolve this issue,
as the block structure itself may still be misaligned
with the true dependency structure.

Under entropy-constrained decoding (Ben-
Hamu et al., 2025), masked tokens can be selected
at each step by explicitly exploring conditional in-
dependence among masked positions. In formu-
lation (c), this strategy successfully identifies a
subset of masked tokens, such as X, and X3, that
are conditionally independent given C'. This en-
ables an exact recovery of their joint distribution
p(X2, X3 | C) in the first step. However, such con-
ditionally independent subsets are not unique, and
more importantly, the independence constraint is
imposed only among masked tokens, while the de-

pendency structure between the unmasked context
C' and masked tokens is not explicitly considered.
As a result, although the joint distribution of the se-
lected subset can be correctly recovered locally, the
overall factorization remains inconsistent with the
true dependency structure, ultimately preventing
the recovery of the target joint distribution.

In contrast, formulation (d) induces a factoriza-
tion that is consistent with the underlying structure
by explicitly accounting for the dependencies be-
tween the unmasked context and masked tokens. In
the first step, masked tokens X; and X5, which are
most strongly dependent on the available context C,
are prioritized for parallel decoding. Subsequently,
the remaining tokens are decoded in parallel via
conditioning on the newly unmasked ones. Un-
der such a dependency-consistent factorization, the
target joint distribution can be correctly recovered
through parallel decoding.

4.2 Uncertainty-Based Decoding Methods

In this subsection, we review and formalize a class
of decoding strategies that rely on token-level un-
certainty statistics computed from the model’s out-
put distributions. Denote the discrete distribution
induced by the MDLM fy at time ¢ with input
for position i as p} = fi(zy).

Definition 1 (Confidence )

(Chang et al., 2022; Nie et al., 2025) For MDLM
fo at time t and position i, Confidence selects
tokens based on the maximum value of the discrete
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distribution pi over the vocabulary V, defined as

i i
= . 4
confy rir)lealgcpt(v) 4)
Definition 2 (Entropy ) (Koh et al., 2024)  For
MDILM fy at time t and position i, Entropy mea-
sures the uncertainty of the discrete distribution pt
over the vocabulary V), defined as

enty = Zpt

veY

) log p}(v). (5)

Definition 3 (Margin confidence)

(Kim et al., 2025a) For MDLM fy at time t
and position i, Margin confidence considers the
difference between the highest and the second-
highest probabilities in the discrete distribution p,
defined as

pi(v),  (6)

*) — max

margin® = pt(v
ging = pi( v\ {0}

where v* = arg max, ey pi(v).

Despite their differences, these decoding strategies
all rely on token-level statistics extracted from the
output distribution at individual positions. There-
fore, they can effectively identify confident or un-
certain tokens locally and can recover marginal dis-
tributions for each masked token. However, since
methods do not explicitly account for dependen-
cies across tokens, decoding strategies built upon
them may fail to reconstruct the target joint distri-
bution over the entire sequence. This observation
suggests that effective parallel decoding requires
a principled strategy that goes beyond token-level
uncertainty and selects tokens based on inter-token
dependencies.

5 Methodology

In this section, we propose Dependency Oriented
Sampler (DOS) for masked diffusion language
models, which explicitly accounts for inter-token
dependencies during generation. DOS focuses
on the problem of which masked tokens should
be decoded at each denoising step. Rather than
determining the decoding order solely based on
token-level uncertainty, our approach selects and
updates masked tokens according to their depen-
dency on the currently observed context. In this
work, we leverage the scaled dot-product attention
weights, which explicitly model how information
is aggregated across tokens (Vaswani et al., 2017;
Clark et al., 2019; Voita et al., 2019; Raganato

Algorithm 1 Attention-Based Dependency Scoring

Input: Current sequence state X;,; € RI*V,

MDLM fy, transformer block index ¢, masked
position set M
Output: Dependency score depc R

1: outputs < fo(Xi41)

2: Attn® < outputs.attentions[i] > Multi-head
attention weights from the ¢-th transformer
block, Attn(® ¢ RFxLxL

3 Attn + £ 371, Attng‘) > Head-averaged

attention matrix Attn € RI*1
dep+— 0 c R

— [L]\ M
for each m € M do

dep(m) < >, Attn(m,u) > Depen-

dency of masked position m on the unmasked
context
8: end for
9: return Dependency score dep

AN

and Tiedemann, 2018), as an operational proxy for
inter-token dependency.

Concretely, given the attention matrix extracted
from a transformer block, each row is interpreted
as describing how a query token integrates infor-
mation from other tokens in the sequence. For
example, the entry at row ¢ and column j of the
attention matrix reflects how strongly the i-th to-
ken depends on information provided by the j-th
token during the forward pass. Since we focus on
the information aggregated from unmasked tokens
when predicting masked tokens, the dependency
score for a masked token is defined as the total
attention mass assigned to all unmasked tokens.
Intuitively, a larger score indicates that the predic-
tion at this masked position relies more heavily
on the observed context, and should therefore be
prioritized during decoding.

Formally, let M denote the set of masked po-
sitions and &/ = [L] \ M the set of unmasked
positions. Given the multi-head attention weights
softmax(QK T /v/d) extracted from a transformer
block, we average across heads to obtain a token-
to-token attention matrix Attn € RX*%. For each
masked position m € M, the dependency score is
defined as

Z Attn(m, u) @)

ueU

dep(m

which measures how strongly the prediction at po-
sition m attends to the currently unmasked con-
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Models Methods | HumanEval MBPP GSMSK MATHS00
Confidence 27.44 22.80 31.69 21.40
Entropy 27.44 1940  33.13 18.60

LLaDA-Instruct-8B  p o0 26.83 2640  33.76 22.20
DOS 42.68 3840 8431 41.60
Confidence |  28.66 3960  31.08 13.60
Entropy 25.61 33.20 30.55 10.20

Dream-vO-Instruct-7B -y i 2927 4280 3078 15.20
DOS 59.15 50.60 8021 45.00

Table 1: Performance of different decoding strategies under top-1 sampling, in which all methods generate the entire
sequence within a single block. For the code benchmarks (HumanEval and MBPP), the generation length is fixed to
256 tokens, while for the math benchmarks (GSM8K and MATHS500), the generation length is 512 tokens.

text. In contrast to uncertainty-based criteria that
are computed independently for each position, the
proposed score explicitly accounts for inter-token
dependencies encoded in the attention structure.
The complete attention-based dependency scoring
procedure is summarized in Algorithm 1.

Based on these scores, DOS selects a subset
of masked tokens with the highest scores to de-
code at each step. The decoding order is explicitly
dependency-aware and better reflects the depen-
dency structure encoded by the model. Since DOS
provides a dependency score that ranks masked to-
kens, it can be directly combined with existing par-
allel decoding methods, such as top-K selection or
entropy-constrained decoding (e.g., EB-Sampler).

6 Experiments

In this section, we present a comprehensive em-
pirical evaluation of our proposed DOS across a
diverse set of benchmarks and compare it against
representative baseline decoding strategies.

6.1 Datasets

We evaluate DOS on a range of benchmarks cover-
ing different forms of structured generation, includ-
ing code generation and mathematical reasoning:

* Code generation: HumanEval (Chen, 2021)
and MBPP (Austin et al.,, 2021b), which
consist of Python programming tasks with
function-level specifications.

* Mathematical reasoning: GSM8K (Cobbe
et al., 2021), which contains arithmetic word
problems of grade school that require multi-
step numerical reasoning and MATHS00
(Lightman et al., 2023), which is a subset of

the MATH (Hendrycks et al., 2021) bench-
mark and features more challenging problems.

6.2 Baselines

We compare DOS against the following baselines:

* Uncertainty-based methods: selecting to-
kens at each step based on uncertainty criteria,
including confidence (Chang et al., 2022; Nie
et al., 2025), entropy (Koh et al., 2024), and
margin confidence (Kim et al., 2025a).

* Entropy-Based (EB) Sampler (Ben-Hamu
et al., 2025): selecting multiple tokens at each
step under an entropy-constrained sampling
scheme. EB-sampler can be easily integrated
with other methods, such as confidence, en-
tropy, margin confidence and our proposed
method, by ranking tokens according to these
criteria.

* Fast-dLLM (Wu et al., 2026): selecting mul-
tiple tokens with confidence greater than a
threshold at each step.

* KLASS (Kim et al., 2025b): selecting multi-
ple tokens with thresholds on both confidence
and token-level KL divergence, where the KL
divergence measures the difference between
the previous distribution and the current dis-
tribution of the given token.

We apply these methods to two open source
MDLMs, including LLaDA-Instruct-8B (Nie et al.,
2025) and Dream-vO-Instruct-7B (Ye et al., 2025).
Both models are trained with the masked diffusion
objective, without utilizing block-wise masking
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\ HumanEval MBPP GSMSK MATHS500
Models Methods ‘ AccT NFE] Acct NFE|] Acct NFE|] AcctT NFEJ]
Fast-dLLM 28.66 83.26  23.00 78.93 33.06 19546 20.80 219.54
KLASS 20.88 107.99 24.00 97.09 2843 265.52 19.60 300.48
LLaDA-Instruct-8B Confidence+EB | 28.66 160.10 22.80 167.43 32.15 299.59 21.00 327.07
Entropy+EB 29.88 175.71 1880 183.72 25.09 309.12 19.00 334.24
Margin+EB 26.22 159.58 26.60 166.00 38.51 29345 2140 324.10
DOS+EB 45.12 11584 38.80 76.098 84.61 163.48 41.00 244.24
Fast-dLLM 28.66 141.62 39.60 127.69 31.08 205.52 13.60 273.58
KLASS 2744 15046 38.00 145.09 31.84 23992 1420 302.69
Dream-v0-Instruct-7B Confidence+EB | 28.66 199.66 39.60 191.74 31.01 302.89 13.60 384.77
Entropy-+EB 25.61 222,15 3260 21486 30.63 356.59 10.00 408.54
Margin+EB 29.27 18325 4120 17773 30.86 297.96 1540 377.15
DOS+EB 58.54  72.47 51.00 68.33 79.98 18243 4540 229.36

Table 2: Performance of different decoding strategies within a single block. EB stands for EB-sampler (Ben-Hamu
et al., 2025), a parallel decoding method that can be combined with different scores. Acc denotes task accuracy, and
NFE denotes the number of model forward evaluations, reflecting decoding efficiency. For HumanEval and MBPP,
the generation length is fixed to 256 tokens, while for GSM8K and MATHS500, the generation length is 512 tokens.

structures. Further implementation details are pro-
vided in Appendix A.2 and hyperparameters are
provided in Appendix A.3.

6.3 Main Result

DOS significantly improves performance under
single-block decoding. We first evaluate DOS
under a single-block decoding setting, where the
entire sequence is generated within one diffusion
block. As shown in Table 1, DOS consistently
outperforms uncertainty-based decoding strategies
across all benchmarks and both MDLMs. In con-
trast, confidence, entropy, and margin struggle
to generate long sequences within a single block
and exhibit degraded performance, particularly on
mathematical reasoning tasks that require strict
logical progression across extended generations.
By explicitly leveraging inter-token dependencies,
DOS can capture long-range dependencies that gov-
ern reasoning structure and achieve substantial per-
formance gains, improving accuracy by large mar-
gins on GSM8K and MATHS500. These results
demonstrate that dependency-aware token selec-
tion is crucial for generating sequences consistent
with the target joint distribution under single-block
decoding.

DOS integrates seamlessly with parallel decod-
ing and improves efficiency without sacrificing
accuracy. We next evaluate whether DOS can
be combined with parallel decoding strategies to
improve efficiency. Specifically, we integrate DOS
with the EB sampler, which coordinates parallel
updates among masked tokens under entropy con-

Method | HumanEval MBPP GSMSK MATHS500
Confidence 40.85 38.20 82.56 38.80
Entropy 41.46 37.80 82.79 40.00
Margin 40.85 37.40 82.64 38.80
Fast-dLLM 41.46 38.80 83.40 39.60
KLASS 42.07 38.60 83.02 40.20
DOS (w/o block) | 42.68 (+0.61)  38.40(-0.40)  84.31 (+0.91)  41.60 (+1.40)
DOS (w/ block) 44.51 (+2.44)  38.80 (+0.00)  84.61 (+1.21)  42.40 (+2.20)

Table 3: Performance comparison on HumanEval,
MBPP, GSMSK, and MATH500 using LLaDA-Instruct-
8B. All baseline methods (Confidence, Entropy, Margin,
Fast-dLLM, and KLASS) adopt the block diffusion with
a fixed block size of 32. DOS (ours) is evaluated both
without block partitioning (single-block) and with block
partitioning (block size = 32).

straints. As shown in Table 2, DOS+EB consis-
tently improves both accuracy and decoding ef-
ficiency for LLaDA and Dream models. Com-
pared with the results of EB sampler integrated
with uncertainty-based methods, DOS not only im-
proves the accuracy across tasks but also achieves
at least a 1.3x speedup on the LLaDA model.
Similar trends are observed for the Dream model.
In addition, compared to alternative efficient de-
coding baselines such as Fast-dLLM and KLASS,
DOS+EB achieves substantially higher accuracy
while maintaining competitive decoding efficiency.
These results indicate that DOS provides a comple-
mentary, dependency-aware signal that enhances
existing parallel decoding methods.

DOS consistently outperforms block-based de-
coding strategies with and without block parti-
tioning. We further evaluate DOS against decod-
ing strategies with block structures on the LLaDA
model. All baseline methods employ block diffu-
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Figure 3: Accuracy on HumanEval using LLaDA-
Instruct-8B with a fixed generation length of 256 under
varying block sizes. Existing decoding strategies are
sensitive to block size and degrade as the block size
increases, whereas DOS (ours) demonstrates strong ro-
bustness to block size variation and maintains superior
consistency across all settings.

sion with a fixed block size of 32, whereas DOS is
evaluated both with and without block partitioning.
As shown in Table 3, DOS consistently achieves
superior performance across all benchmarks, even
when block partitioning is removed. Although
block partitioning improves the performance of ex-
isting uncertainty-based decoding strategies, DOS
consistently outperforms these methods under both
block-based and single-block settings. Moreover,
DOS maintains strong performance without rely-
ing on block structures and further benefits when
block diffusion is introduced. These results demon-
strate that explicitly modeling inter-token depen-
dencies is more critical than the choice of block
structure for achieving high-quality parallel decod-
ing. We further conduct additional comparisons
under block-based decoding with different configu-
rations and details are presented in Appendix B.

DOS is robust to block size and consistently out-
performs uncertainty-based decoding. We fur-
ther investigate the sensitivity of different decoding
strategies to the choice of block size and the ac-
curacy of various methods under different block
sizes is reported in Figure 3. Existing methods
are sensitive to the block configuration and exhibit
noticeable performance fluctuations as the block
size increases. In contrast, DOS maintains con-
sistently strong performance across a wide range
of block sizes and consistently outperforms com-
peting methods. These results indicate that DOS
provides a more stable and robust decoding signal
by explicitly modeling inter-token dependencies,
making it less sensitive to the block configuration.
Additional results on the Dream model are provided

0.46
0.44 4
0.42 1 _

& \

3 0.401

£

=] \/

S 0.381

<

0.36

0.34 A

0.32

Layer

—=— DOS DOS+EB

Figure 4: Accuracy of DOS and DOS+EB on the
HumanEval benchmark using the LLaDA-Instruct-8B
model, where the x-axis indicates the transformer layer
from which the attention matrix is extracted.

in Appendix B.2

Effect of Transformer Layer Choice. We fur-
ther explore the role of layer depth in attention-
based dependency scoring within the single-block
setting. As illustrated in Figure 4, the performance
of DOS and DOS+EB on HumanEval remains ro-
bust across the first 10 layers. This phenomenon
suggests that the shallow layers can capture the
syntactic structures required for effective masked-
token selection, which is consistent with prior stud-
ies (Tenney et al., 2019; Clark et al., 2019; Jawahar
et al., 2019). Additional ablation studies on at-
tention layer selection and head-wise dependency
analysis are provided in Appendix B.3 and Ap-
pendix B.4.

7 Conclusion

In this work, we study the decoding process
of masked diffusion language models from a
dependency-aware perspective and show that ex-
isting decoding strategies are limited by their re-
liance on token-level uncertainty and their sensi-
tivity to heuristic block structures, both of which
stem from a lack of explicit modeling of inter-token
dependencies. To address these limitations, we
propose the Dependency-Oriented Sampler (DOS),
a training-free decoding strategy that leverages
attention-derived dependency signals to guide the
decoding order of masked tokens.

By using the attention matrix as a proxy for inter-
token dependencies, DOS updates tokens that are
better supported by the current unmasked context,
leading to a decoding process that is more aligned
with the underlying joint distribution. Empirical re-
sults on code generation and mathematical reason-
ing benchmarks demonstrate that DOS consistently
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outperforms existing uncertainty-based decoding
strategies. Notably, DOS can be seamlessly inte-
grated with parallel sampling methods, improving
generation efficiency without sacrificing quality.
Our analysis highlights the importance of re-
specting inter-token dependencies during sampling
and suggests that the choice of decoding order
plays a critical role in recovering the target joint
distribution in masked diffusion language models.
We hope this work encourages further investiga-
tion into dependency-aware decoding strategies and
contributes to a deeper understanding of parallel
generation dynamics in diffusion language models.

Limitations

This work has several limitations that suggest di-
rections for future research.

First, DOS relies on attention weights extracted
from transformer blocks as a proxy for inter-
token dependencies. While attention provides
an effective and readily available signal for guid-
ing decoding order, it does not necessarily corre-
spond to explicit causal or structural dependencies
among tokens. Some studies have explored in-
corporating explicit dependency structures, such
as directed acyclic graphs (DAGs), into language
model training to better capture compositional and
dependency-aware generation dynamics (Huang
et al., 2022, 2023). Integrating such structured de-
pendency representations into the decoding process,
or combining them with attention-derived signals,
may provide a more principled alternative and is
an interesting direction for future work.

Second, our current implementation extracts de-
pendency scores from a single transformer layer
with head-averaged attention. Although we ob-
serve strong performance across different settings,
this design does not fully exploit the hierarchical
nature of representations in deep transformers. Ex-
tending DOS to integrate information across multi-
ple layers, or to selectively aggregate signals from
different attention heads, could enable richer de-
pendency modeling and further improve decoding
performance.

Finally, our evaluation focuses on structured
generation tasks, including code generation and
mathematical reasoning, where long-range depen-
dencies play a critical role. The effectiveness of
DOS in other generation settings, such as open-
ended dialogue or multilingual generation, remains
to be systematically investigated. Exploring how

dependency-oriented decoding interacts with dif-
ferent task characteristics is an important direction
for future work.
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A Experiment Details
A.1 Experimental Setup

We conduct all experiments with LLaDA-Instruct-
8B (Nie et al., 2025) and Dream-vO-Instruct-7B
(Ye et al., 2025). We run inference with batch
size of 1 on a single NVIDIA L40 GPU with 48
GB memory. For deterministic decoding, we set
temperature to 0 and random seed to 42 for all runs.

A.2 Baseline Methods

This subsection provides implementation details
of the key baseline methods used in our experi-
ments, including uncertainty-based methods and
accelerated samplers. Denote the discrete distribu-
tion induced by the MDLM fj at time ¢ with input
x; for position i as p} = fi(z).

Confidence (Chang et al., 2022; Nie et al., 2025)
For MDLM f) at time ¢ and position ¢, Confidence
selects tokens based on the maximum value of
the discrete distribution p{ over the vocabulary V,
defined as

conf. = I}]]Eaéipi(v). (8)

Entropy (Koh et al., 2024) For MDLM fj at
time ¢ and position ¢, Entropy measures the un-
certainty of the discrete distribution p} over the
vocabulary V), defined as

entt = Zpt ) log pt 9)
veY
Margin confidence (Kim et al., 2025a) For

MDLM fy at time ¢ and position 7, Margin confi-
dence considers the difference between the highest
and the second-highest probabilities in the discrete
distribution pé,, defined as

max pt( ), (10)

margin' = p(v*) —
giny = py(v*) vV {0}

where v* = arg max,cy pé(”)-

Fast-dLLM Fast-dLLM performs confidence-
based parallel decoding by unmasking all positions
whose confidence exceeds a confidence threshold
e. Concretely, at each step t, let M; denote the set
of masked positions. It computes the confidence
score conf’ and masks the subset of positions

St—{’iEMt

fi = (V) >ep.
conf} r?g}pt(v) e}

(1
Compared to fixed-budget top- K unmasking, this
approach yields a dynamic number of updates

per iteration and can be integrated with semi-
autoregressive block decoding for enhanced effi-
ciency. Furthermore, while Fast-dLLM supports
block-wise KV cache to eliminate redundant com-
putations of key and value vectors across previ-
ous blocks, our evaluation focuses on decoding
strategy rather than hardware-specific wall-clock
speed; consequently, we do not utilize block-wise
KV cache in our experiments.

KLASS. KLASS performs stable-token selection
by identifying positions where the predictive dis-
tribution is stable across steps and reaches high
confidence. At each step t, let M, denote the set
of masked positions. KLASS selects a subset of
stable tokens S; C M; to be unmasked based on
a history length n, a KL-divergence threshold exy ,
and a confidence threshold 7:

s =fiem ‘Vk‘e{l,...,n},

D (Bhi | Pi1) < ek A conf} > 7},

(12)
where Dy, denotes the Kullback-Leibler diver-
gence between the predictive distributions of
consecutive steps at position i, and conf, =
max,cy pi(v) is the confidence score. By requir-
ing predictions to remain consistent over n steps,
KLASS ensures that only stable tokens are updated
in parallel, thereby improving generation reliabil-

ity.

EB-Sampler. The entropy-bounded sampler ac-
celerates generation by unmasking a number of
tokens per step that satisfy the entropy constraint.
Concretely, at each step ¢, it first ranks all masked
positions in M based on a specific score like confi-
dence conf or our proposed dependency dep. Then,
starting from the highest-ranked token, it selects
the largest subset S; C M, that satisfies the cumu-
lative entropy constraint:

E ent! — maxent! < -,
JES:
1ES

(13)
where ent} = — >, pi(v) log pj(v) denotes the
entropy of the predictive distribution at position .

A.3 Hyperparameter Choices

We follow prior work whenever the recommended
settings are available, and otherwise tune on a small
held-out subset. The main hyperparameters for
accelerated baselines are:
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* EB-Sampler: We set the entropy tolerance to
~v = 0.01 for all datasets.

e Fast-dLLM: We set the confidence threshold
to € = 0.95 for all datasets.

* KLASS: We follow the threshold configu-
rations in prior work (Kim et al., 2025b).
KLASS uses two thresholds: a confidence
threshold (Conf) and a KL-based threshold
(KL). The history length n is set to 2 for all
datasets. We report the exact values used for
each dataset and model in Table 4.

* DOS: We report the optimal layer for DOS
and DOS+EB in Table 5.

Entries indicate the transformer layer indices
from which the attention matrices are ex-
tracted to achieve the best accuracy under each

setting.
Task LLaDA Dream
Conf KL Conf KL
MATH 0.6 0.010 0.9 0.005
GSM8K 0.6 0.015 0.9 0.001
HumanEval 09 0.010 0.8 0.001
MBPP 0.7 0.010 0.9 0.001

Table 4: Threshold configurations for KLLASS.

B Additional Experiment Results
B.1 Experiments on LLaDA

Table 6 presents the comparative results on Hu-
manEval, MBPP, GSM8K, and MATHS500 using
the LLaDA-Instruct-8B model with a fixed block
size of 32. DOS consistently demonstrates superior
generation quality across both Top-1 and parallel
sampling settings, proving effective regardless of
whether block partitioning is applied. Specifically,
in the Top-1 regime, DOS achieves the highest
accuracy on all four benchmarks, significantly out-
performing standard scoring methods such as Con-
fidence and Entropy. Furthermore, when integrated
with the EB-sampler for parallel decoding, DOS
maintains this performance advantage, validating
the robustness of our scoring strategy in guiding
the model toward high-quality outputs.

In terms of computational efficiency, Fast-dLLM
exhibits a substantial reduction in the number of

| HumanEval MBPP GSMS8K MATHS500
LLaDA-Instruct-8B
DOS (w/o block) 13 9 7 7
DOS (w/ block) 13 9 16 30
DOS+EB (w/o block) 29 5 4 3
DOS+EB (w/ block) 13 1 1 7
Dream-vo-Instruct-7B
DOS (w/o block) 1 22 6 7
DOS(w/ block) 6 6 6 7
DOS+EB (w/o block) 6 22 3 3
DOS+EB (w/ block) 6 26 3 1

Table 5: Transformer layers that yield the best perfor-
mance for DOS under different settings. For DOS, w/o
block corresponds to single-block decoding where the
block length equals the generation length, while w/ block
applies block partitioning with a fixed block size of 32.

function evaluations (NFE), achieving the low-
est inference cost across tasks. This efficiency is
largely attributed to its threshold-based mechanism.
However, this speed comes with a slight trade-off in
accuracy compared to our method. Consequently,
a promising avenue for future work is to synergize
the precise scoring capability of DOS with dynamic
threshold-based strategies similar to Fast-dLLM.
Such an integration could potentially yield a more
optimal generation process, maintaining the high
accuracy of DOS while significantly accelerating
inference.

B.2 Experiments on Dream

Table 7 presents the performance of the Dream-
vO-Instruct-7B model across four datasets using
both Top-1 and parallel sampling strategies with a
fixed block size of 32. Consistent with our previous
observations, the proposed DOS method demon-
strates superior performance on the majority of
tasks with and without block partitioning, partic-
ularly excelling in code generation and complex
mathematical reasoning. In the Top-1 setting, DOS
(w/ block) achieves the highest accuracy on Hu-
manEval and MATHS500, significantly outperform-
ing standard baselines like Confidence and Entropy.
This advantage extends to the parallel sampling set-
ting, where DOS combined with the EB-sampler
attains 45.40% accuracy on MATHS500, surpass-
ing robust competitors such as KLASS and Fast-
dLLM.

While DOS remains highly competitive over-
all, we observe a slight performance gap on the
GSMS8K benchmark compared to KLASS and
uncertainty-based methods, suggesting that our
scoring mechanism could be further refined for
specific arithmetic reasoning patterns. Further-
more, we note that Fast-dLLM achieves the low-
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| HumanEval MBPP GSMSK MATHS00

Methods | Acct NFE| Acct NFE| Acct NFE| Acct NFE|
Top-1
Confidence 40.85 256.00 38.20 256.00 82.56 512.00 38.80 512.00
Entropy 4146 256.00 37.80 256.00 82.79 512.00 40.00 512.00
Margin 40.85 256.00 3740 256.00 82.64 512.00 38.80 512.00
DOS (w/o block) 42.68 256.00 38.40 256.00 84.31 512.00 41.60 512.00
DOS (w/ block) 4451 256.00 38.80 256.00 84.61 512.00 4240 512.00
Parallel
Fast-dLLM 4146 77.54 38.80 54.12 8340 12056 39.60 176.07
KLASS 42.07 103.06 38.60 74.18 83.02 17826 40.20 25247
Confidence+EB 4146 104.28 38.60 73.39 8271 16533 39.20 249.76
Entropy+EB 42.68 107.88 37.00 77.88 82.64 17626 38.60 265.76
Margin+EB 40.24 102.44 38.80 71.31 82.49 161.24 37.80 243.58
DOS-+EB (w/o block) | 45.12 115.84 38.80 76.09 84.61 163.48 41.00 244.24
DOS+EB (w/ block) 4390 103.05 39.00 8090 84.00 170.06 4140 257.55

Table 6: Additional results through top-1 sampling and parallel sampling on HumanEval, MBPP, GSMS8K, and
MATHS500 using LLaDA-Instruct-8B model (Nie et al., 2025) with a fixed block size of 32. EB denotes the
EB-sampler (Ben-Hamu et al., 2025), a parallel decoding method that can be combined with different scoring
strategies. Acc denotes task accuracy, and NFE denotes the number of model forward evaluations. For HumanEval
and MBPP, the generation length is fixed to 256 tokens, while for GSM8K and MATHS500, the generation length is
512 tokens. For DOS, w/o block corresponds to single-block decoding, where the block length equals the generation
length, while w/ block applies block partitioning with block size 32.

| HumanEval MBPP GSMSK MATHS500
Methods | Acct NFE| Acct NFE| Acct NFE| Acct NFE|
Top-1
Confidence 58.54 256.00 50.02 256.00 81.50 512.00 40.08 512.00
Entropy 57.32 256.00 50.80 256.00 83.93 512.00 4220 512.00
Margin 56.71 256.00 50.40 256.00 81.05 512.00 41.80 512.00
DOS (w/o block) 59.15 256.00 5060 256.00 80.21 512.00 45.00 512.00
DOS (w/ block) 61.59 256.00 50.20 256.00 80.29 512.00 45.00 512.00
Parallel
Fast-dLLM 58.54 62.68 50.20 50.04 81.50 134.17 39.80 154.46
KLASS 59.15 78.11 52.20 72.69 84.08 200.85 4340 277.11
Confidence+EB 57.93 78.86 50.20 71.90 81.96 182.38 39.80 227.54
Entropy+EB 56.10 88.29 50.20 73.00 83.17 192.83 4420 239.13
Margin+EB 56.10 80.34 50.20 66.90 81.20 179.19 3940 226.74
DOS-+EB (w/o block) 58.54 7247 51.00 68.33 79.98 18243 4540 229.36
DOS-+EB (w/ block) 60.37 77.07 50.60 71.88 79.83 190.20 45.00 236.81

Table 7: Additional results through top-1 sampling and parallel sampling on HumanEval, MBPP, GSMS8K, and
MATHS500 using Dream-v0-Instruct-7B model (Ye et al., 2025) with a fixed block size of 32. EB denotes the
EB-sampler (Ben-Hamu et al., 2025), a parallel decoding method that can be combined with different scoring
strategies. Acc denotes task accuracy, and NFE denotes the number of model forward evaluations. For HumanEval
and MBPP, the generation length is fixed to 256 tokens, while for GSM8K and MATHS500, the generation length is
512 tokens. For DOS, w/o block corresponds to single-block decoding, where the block length equals the generation
length, while w/ block applies block partitioning with block size 32.
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| HumanEval MBPP GSMSK MATHS500
Methods | Acct NFE| Acct NFE| Acct NFE| Acct NFE]|
LLaDA-Instruct-8B
DOS (w/o block) 4146 256.00 3820 256.00 84.23 512.00 41.00 512.00
DOS (w/ block) 42.07 256.00 37.80 256.00 84.23 512.00 4040 512.00
DOS+EB (w/o block) | 43.90 10493 38.60 76.34 83.55 164.26 39.60 258.37
DOS-+EB (w/ block) 40.85 107.11  39.00 80.90 84.00 170.06 40.60 260.90
Dream-vo-Instruct-7B
DOS (w/o block) 59.15 256.00 49.80 256.00 79.53 512.00 4420 512.00
DOS (w/ block) 59.15 256.00 49.80 256.00 79.53 512.00 4420 512.00
DOS—+EB (w/o block) | 57.32 75.49 50.00 69.05 79.83 181.63 44.80 230.09
DOS-+EB (w/ block) 57.32 79.44 50.00 73.34 79.83 190.81 45.00 236.81

Table 8: Results of DOS and DOS+EB with attention matrices extracted from the first transformer layer. Experi-
ments are conducted on LLaDA-Instruct-8B and Dream-vO-Instruct-7B under both single-block and block-based
decoding settings. For HumanEval and MBPP, the generation length is fixed to 256 tokens, while for GSM8K and
MATHS00, the generation length is 512 tokens. DOS w/o block denotes single-block decoding where the block
length equals the generation length, while DOS w/ block applies block partitioning with a fixed block size of 32. Acc
denotes task accuracy, and NFE denotes the number of model forward evaluations, reflecting decoding efficiency.
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Figure 5: Accuracy on HumanEval using Dream-vO-
Instruct-7B with a fixed generation length of 256 under
varying block sizes. Existing decoding strategies are
sensitive to block size and degrade as the block size
increases, whereas DOS (ours) demonstrates strong ro-
bustness to block size variation and maintains superior
consistency across all settings.

est NFE, demonstrating impressive inference effi-
ciency, while KLASS shows strong adaptability on
MBPP; these baselines offer valuable insights into
efficiency optimization and task-specific selection,
pointing toward promising directions for further
enhancing the DOS framework in future work.

Figure 5 shows the performance of different de-
coding strategies under varying block sizes on the
Dream model. Consistent with the main results,
existing uncertainty-based methods exhibit notice-
able performance degradation as the block size in-
creases. In contrast, DOS maintains stable perfor-
mance across a wide range of block sizes and con-
sistently outperforms competing methods. These

results further confirm the robustness of DOS to
block size choices.

B.3 Performance with a Fixed Attention
Layer

To examine whether DOS critically relies on care-
ful attention-layer selection, we conduct an addi-
tional experiment in which the attention matrices
are fixed to the first transformer layer across all
settings. The results are summarized in Table 8.

Across both LLaDA-Instruct-8B and Dream-v0-
Instruct-7B, DOS with the first-layer attention con-
sistently achieves performance comparable to the
corresponding baselines under all different settings.
This observation holds for both top-1 sampling
and parallel decoding with EB-sampler. With a
fixed early-layer attention signal, the proposed
dependency-oriented scoring remains sufficient to
guide decoding, demonstrating the robustness and
practical applicability of DOS.

B.4 Performance of DOS Using Single
Attention Head

To examine whether DOS critically relies on spe-
cific attention heads, we conduct an additional ex-
periment in which each attention head is used in-
dividually as the dependency signal. The detailed
results are presented in Table 9 and Table 10.
Across both w/o block and w/ block settings,
the performance varies significantly when using
different heads. Moreover, using a single atten-
tion head consistently leads to significantly worse
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Head | w/oblock w/block | Head | w/oblock w/block

1 28.66 36.58 17 28.05 31.71
2 28.66 27.44 18 22.56 28.66
3 19.51 24.39 19 17.07 30.49
4 17.68 25.61 20 29.88 32.32
5 18.29 35.98 21 14.63 25.00
6 21.34 23.17 22 28.05 31.10
7 10.96 26.83 23 17.07 25.00
8 23.17 25.61 24 18.90 28.05
9 25.61 29.88 25 25.00 25.61
10 28.66 29.88 26 19.51 31.71
11 26.83 29.27 27 15.24 28.66
12 31.10 34.76 28 23.17 26.83
13 33.54 37.80 29 21.34 26.22
14 16.46 21.95 30 10.98 20.12
15 33.54 34.15 31 18.90 27.44
16 21.95 26.83 32 12.80 23.78

Table 9: Head-wise results on HumanEval using the LLaDA-Instruct-8B model (Nie et al., 2025) with a fixed
generation length of 256 tokens. We report the accuracy of DOS when using individual attention heads as the
dependency signal, under both w/o block (single-block) and w/ block (block size = 32) settings. Each row corresponds
to a single attention head. The results show significant performance variance across different heads, highlighting the
importance of aggregation for stable dependency estimation.

Setting Mean (Std) Best Head Worst Head DOS

w/o block  22.95 (6.93) 33.54 10.96 42.68
w/ block 28.93 (5.08) 37.80 20.12 44.51

Table 10: Summary of head-wise ablation results on HumanEval using the LLaDA-Instruct-8B model (Nie et al.,
2025). Using a single head consistently underperforms DOS with head aggregation, demonstrating the effectiveness
of aggregating information across multiple attention heads.

performance compared to DOS, which aggregates
information from all heads. These results demon-
strate that reliable dependency estimation cannot
be obtained from individual heads alone, and in-
stead requires aggregating complementary signals
across multiple heads, validating the design choice
of head averaging in DOS.
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