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Abstract

Masked Diffusion Language Models (MDLMs)
promise parallel token generation and arbitrary-
order decoding, yet it remains unclear to what
extent current models truly realize these capabil-
ities. We characterize MDLM behavior along
two dimensions—parallelism strength and gen-
eration order—using Average Finalization Par-
allelism (AFP) and Kendall’s 𝜏. We evaluate
eight mainstream MDLMs (up to 100B param-
eters) on 58 benchmarks spanning knowledge,
reasoning, and programming. The results show
that MDLMs still lag behind comparably sized
autoregressive models, mainly because paral-
lel probabilistic modeling weakens inter-token
dependencies. Meanwhile, MDLMs exhibit
adaptive decoding behavior: their parallelism
and generation order vary significantly with
the task domain, the stage of reasoning, and
whether the output is correct. On tasks that
require “backward information” (e.g., Sudoku),
MDLMs adopt a solution order that tends to fill
easier Sudoku blanks first, highlighting their
advantages. Finally, we provide theoretical
motivation and design insights supporting a
Generate-then-Edit paradigm, which mitigates
dependency loss while retaining the efficiency
of parallel decoding.

1 Introduction

Autoregressive (AR) language models dominate
modern natural language processing (NLP) due to
their strong likelihood-based training objectives
and reliable left-to-right decoding. However, the
strictly sequential nature of AR decoding entails
two fundamental limitations: (i) high inference
latency and constrained generation throughput; and
(ii) for tasks requiring global constraints or non-
monotonic planning, a fixed chronological order
may not constitute the most natural solution path.
As an important branch of discrete diffusion mod-
els, masked diffusion language models (MDLMs)
address these gaps by iteratively denoising masked

sequences, enabling parallel token prediction within
a single step and, in principle, allowing for more
flexible, non-monotonic generation orders (Li et al.,
2025; Sahoo et al., 2024). For KV-cache reuse and
efficiency, most practical systems adopt a block-
diffusion architecture—executing autoregressively
across blocks while employing diffusion within
each block (Arriola et al., 2025). Recent high-
performing MDLMs (e.g., LLaDA 2.0(Bie et al.,
2025), Trado(Wang et al., 2025), DiRL(Zhu et al.,
2025d), SDAR(Cheng et al., 2025), and OpenPangu-
Diffusion(Tian et al., 2025)) are typically initialized
from the architecture and weights of strong AR mod-
els and then transferred to the diffusion paradigm
by modifying the decoding mechanism, achieving
competitive results.

Despite rapid progress, it remains unclear
whether MDLMs truly exploit their latent non-
monotonic potential during inference, or how they
navigate the trade-off between parallelism and gen-
eration quality. Existing studies primarily focus on
inference strategies or parameter tuning, reporting
their impact on a limited set of benchmarks (Wu
et al., 2025; Ye et al., 2024; Kang et al., 2025;
Feng et al., 2025), yet a systematic characterization
of the model’s decoding trajectories and dynamic
behaviors is missing. While some recent works
have begun examining decoding order (Chen et al.,
2025; Gong et al., 2025), they often fail to explic-
itly decouple “generation order” from “parallelism
intensity”; for instance, (Gong et al., 2025) con-
flates order metrics with variations in parallelism.
Furthermore, speed evaluations frequently rely on
hardware-dependent metrics such as throughput
(tokens/s), which are sensitive to implementation
details and hinder fair cross-model comparisons.
Consequently, the community still lacks unified,
interpretable, and hardware-agnostic metrics to dis-
entangle the parallelism and non-monotonicity of
MDLMs, limiting our understanding of their quality
degradation and potential strengths.
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Motivated by these gaps, we treat parallelism
and generation order as two defining degrees of
freedom of MDLMs and conduct a large-scale real-
ity check via mechanism-level analyses. Our contri-
butions are four-fold: (1) Large-scale Evaluation:
We unify the deployment of recent MDLMs (e.g.,
LLaDA 2.0) and strong AR baselines on 58 bench-
marks spanning Knowledge, Math, Reasoning, and
Coding. We identify a consistent accuracy gap and
provide a theoretical account through the lens of par-
allel factorization: the conditional-independence
approximation in parallel decoding induces an un-
avoidable lower bound on quality. (2) Parallelism
and Order Metrics: To operationalize these prop-
erties, we propose Average Finalization Paral-
lelism (AFP) and adopt Kendall’s 𝜏 to quantify the
alignment between token finalization and surface
order. Analyzing a 100B-scale MDLM, we reveal
an adaptive trade-off where the model accelerates
on structure-heavy spans but decelerates at seman-
tic pivots. Notably, correct predictions demonstrate
higher parallelism, suggesting a scaling dividend
where enhanced model capability naturally acceler-
ates inference. (3) Uncovering Non-monotonic Po-
tential: Through Sudoku-variant benchmarks, we
amplify the advantages of MDLMs in parallel and
non-monotonic solving, exhibiting solution paths
qualitatively distinct from AR decoding and sug-
gesting significant any-order probabilistic modeling
potential. (4) Mitigating Parallel Factorization
Loss: We provide a theoretical perspective suggest-
ing that a two-stage generate-then-edit paradigm
could mitigate the dependency loss induced by
parallel factorization.

2 Related Work

2.1 Masked Diffusion Language Models

Masked Diffusion Language Models (MDLMs) are
a representative class of discrete diffusion genera-
tive models (Hoogeboom et al., 2021; Austin et al.,
2021a). In the forward process, noise is injected
by progressively replacing clean tokens with a spe-
cial mask symbol [MASK] in a discrete space. The
reverse process then iteratively denoises a masked
sequence to recover the original text. Recently,
MDLMs have been scaled to the regime of large
pretrained language models. On the one hand,
several works study native training of discrete diffu-
sion language models; for example, the LLaDA 1.0
line (Nie et al., 2025; Zhu et al., 2025a) introduces
diffusion-oriented masking strategies and decoding

schedules. On the other hand, a growing trend
adapts strong autoregressive (AR) models to the
diffusion paradigm by modifying their causal de-
coding while largely preserving pretrained weights
(e.g., LLaDA-MoE (Zhu et al., 2025b), Dream-
7B (Ye et al., 2025), LLaDA 2.0 (Bie et al., 2025),
SDAR (Cheng et al., 2025), Trado (Wang et al.,
2025), DiRL (Zhu et al., 2025d), and OpenPangu-
Diffusion (Tian et al., 2025)). In our study, we
further unify the deployment of these recent SOTA
models and conduct an in-depth analysis.

2.2 Analyses of Diffusion LM Mechanisms
Prior work has analyzed dLLM decoding and par-
allelization.(Wu et al., 2025) link quality drops in
parallel decoding to the conditional-independence
assumption and propose threshold-/factor-based
unmasking, but evaluate on limited leaderboards
and use hardware-dependent throughput (tokens/s),
which hinders fair cross-setting comparison. (Gong
et al., 2025) study decoding order via AR-ness, yet
it depends on a hyperparameter 𝑘 and is sensitive
to decoding setups; moreover, decoding order is
often conflated with parallelism (tokens per step).
(Ye et al., 2024) highlight dLLM benefits for rea-
soning/planning, but provide limited instance-level
decoding dynamics. In contrast, we study 58 bench-
marks, explicitly separate decoding order from
parallelism, use robust order statistics, and mea-
sure parallelism by average tokens per step to avoid
hardware confounds.

3 Preliminaries

In this section, we review inference in autoregres-
sive and masked diffusion language models.
Auto-regressive Modeling. Let 𝑥1:𝑇 =

(𝑥1, . . . , 𝑥𝑇 ) be a token sequence. Autoregressive
language models factorize its probability as

𝑝AR(𝑥1:𝑇 ) =
𝑇∏
𝑡=1

𝑝𝜃 (𝑥𝑡 | 𝑥<𝑡 ), (1)

where 𝑥<𝑡 = (𝑥1, . . . , 𝑥𝑡−1) and 𝜃 are model pa-
rameters. Inference is strictly left-to-right: at each
step 𝑡, the model predicts 𝑥𝑡 conditioned on the full
prefix 𝑥<𝑡 .
Masked-diffusion Inference. This paradigm un-
derpins recent state-of-the-art models such as
LLaDA (Bie et al., 2025; Nie et al., 2025; Zhu
et al., 2025a,b) and Dream-7b (Ye et al., 2025). Let
𝑥 ∼ 𝑞(· | 𝑥) denote a masked variant of 𝑥, where po-
sitions in a masked index set𝑀 (𝑥) = {𝑖 : 𝑥𝑖 = [𝑚]}
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Figure 1: Overall performance comparison between AR and DLM models across six evaluation dimensions.

Figure 2: Comparison at the same parameter scale.
Smaller block size 𝐵 yields superior performance.

are replaced by [𝑚]. In one parallel denoising it-
eration, we choose an update set 𝐾 ⊆ 𝑀 (𝑥) and
predict all tokens in 𝐾 in a single forward pass
using the (mean-field) approximation

𝑝𝜃 (𝑥𝐾 | 𝑥) ≈
∏
𝑖∈𝐾

𝑝𝜃 (𝑥𝑖 | 𝑥),

s.t. 𝑥𝑖 = [𝑚], ∀𝑖 ∈ 𝐾.
(2)

where 𝑥𝐾 = {𝑥𝑖}𝑖∈𝐾 . Eq. (2) makes explicit that
within-step parallelism assumes conditional inde-
pendence among {𝑥𝑖}𝑖∈𝐾 given 𝑥, i.e., tokens up-
dated in the same step cannot condition on each
other.

To enable variable-length generation and efficient
KV caching, these models adopt a blockwise frame-
work that applies the above inference mechanism
autoregressively. Specifically, a sequence 𝑥 is par-
titioned into 𝐵 contiguous blocks {𝑥 (1) , . . . , 𝑥 (𝐵) }.
The generation follows a block-level autoregressive
factorization:

log 𝑝𝜃 (𝑥) =
𝐵∑︁
𝑏=1

log 𝑝𝜃 (𝑥 (𝑏) | 𝑥 (<𝑏) ). (3)

For each block 𝑏, the distribution 𝑝𝜃 (𝑥 (𝑏) | 𝑥 (<𝑏) )
is modeled by the masked diffusion process de-
scribed in Eq. (2), where the denoising is condi-
tioned on the fixed, previously generated blocks
𝑥 (<𝑏) .

4 Reality Check: MDLMs Still Trail AR
LMs at Scale

Despite the potential of MDLMs to challenge the
AR paradigm, existing studies often rely on small-
scale datasets, leaving their performance at scale
largely unexplored. To provide a transparent and
systematic evaluation, we conduct a large-scale
benchmark of eight representative MDLMs against
state-of-the-art AR models. Using a unified plat-
form and 58 diverse benchmarks, this section serves
as a "reality check" to quantify the current progress
of the field and identify the remaining performance
gaps between these two architectural paradigms.

4.1 Experimental Protocol: Models, 58
Benchmarks, and Unified Inference

Models and Benchmarks. We conduct a large-
scale evaluation of 8 representative state-of-the-art
MDLMs alongside frontier Autoregressive (AR)
models, including OpenAI o3 and Gemini-2.5 Pro.
To ensure a systematic assessment, we curate a
comprehensive suite of 58 benchmarks spanning
six core dimensions: Knowledge, Mathematics,
Reasoning, Language Understanding, Agentic ca-
pabilities, and Coding. We report mean accuracy
over all test instances for each benchmark (one
inference per instance). Due to space constraints,
exhaustive model specifications and benchmark
descriptions are provided in Appendix A.1.
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(a) Kendall’s τ (normal) (b) Kendall’s τ (repetitive) (c) AFP (normal) (d) AFP (repetitive)

Figure 3: Comparison of intra-chunk parallelism and sequential ordering patterns across different task
domains. Repeating samples are analyzed separately because, despite their limited count, each fills the entire 32k
context window and disproportionately impacts overall statistical values.

Implementation and Fairness. All experiments
are performed on a distributed cluster equipped
with 512 NVIDIA GPUs using a unified inference
pipeline. Unless otherwise specified in the Ap-
pendix, each model is evaluated using its optimal
default configurations. Notably, as we employ a
standardized and more stringent evaluation protocol
(e.g., unified prompt templates and rigorous answer-
matching logic), the absolute scores for certain
models may be lower than those reported in their re-
spective technical reports. However, this controlled
environment eliminates confounding variables and
ensures a rigorous apples-to-apples comparison
across disparate model architectures. Detailed im-
plementation settings are deferred to Appendix A.1.

4.2 Empirical Trade-off: More Parallelism,
Lower Accuracy

Detailed experimental results across 58 benchmarks
are reported in Tables tables 1 to 4. Aggregated
evaluations across six capability dimensions (as
illustrated in Figure 1) indicate that a performance
gap persists between current masked diffusion lan-
guage models (MDLMs) and their autoregressive
(AR) counterparts. A comparative analysis of mod-
els at a similar parameter scale in Figure 2 reveals
that MDLMs achieving near-AR performance typ-
ically employ restricted block sizes. Notably, to
attain peak precision, OpenPangu-7B-Diffusion uti-
lizes a block size of 4 and constrains each step to
decode only the token with the highest confidence.
These findings collectively suggest an empirical con-
clusion: in contemporary architectures, excessive
decoding parallelism serves as a primary bottleneck
that compromises predictive accuracy.

4.3 Why This Gap Persists: The Parallel
Factorization Limit

The fundamental limitation of Masked Discrete
Diffusion Models (MDLMs) stems from the con-

ditional independence assumption (Liu et al.,
2025a; Kang et al., 2025). This assumption neces-
sitates factorizing the complex joint distribution
of multiple tokens into a product of independent
marginals during parallel decoding, thereby intro-
ducing significant and unavoidable approximation
errors.
The Factorization Gap. Autoregressive (AR)
models strictly adhere to the probabilistic chain
rule, 𝑃𝐴𝑅 (𝑥1:𝑛 |𝑐) =

∏𝑛
𝑖=1 𝑃(𝑥𝑖 |𝑥<𝑖 , 𝑐), to ensure

global coherence. In contrast, an MDLM with a
block size 𝐵 approximates the joint distribution
of a token block 𝑌 as the product of independent
marginal distributions:

𝑃MDLM(𝑌 |𝑋) =
∏
𝑦𝑖∈𝑌

𝑃𝜃 (𝑦𝑖 |𝑋, 𝑆<𝑡 ) (4)

where 𝑆<𝑡 denotes tokens finalized in previous steps.
When tokens exhibit strong syntactic, semantic, or
logical coupling, this independence assumption
leads to a pronounced structural bias. Following
the framework of (Kang et al., 2025), even if 𝑃𝜃
achieves the optimal marginal distribution at each
position, the KL divergence between this factorized
form and the true data distribution 𝑃𝑑𝑎𝑡𝑎 (𝑌 |𝑋) is
lower-bounded by the Conditional Total Correla-
tion (CTC):

min
𝜃
𝐷𝐾𝐿 (𝑃𝑑𝑎𝑡𝑎∥𝑃𝜃 ) ≥ 𝐶 (𝑌 |𝑋)

=
∑︁
𝑦𝑖∈𝑌

𝐻 (𝑦𝑖 |𝑋) − 𝐻 (𝑌 |𝑋)

(5)

Here, 𝐶 (𝑌 |𝑋) quantifies the statistical dependency
strength among tokens in 𝑌 given the context 𝑋 .
Stronger dependencies result in a higher theoretical
floor for quality loss, represented by the CTC bound.
Elucidating Empirical Observations. The afore-
mentioned framework clarifies the performance
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Figure 4: Comparison of inter-chunk parallelism and sequential ordering patterns across different task
domains. Refer to Appendix A.3.1 for more groupings of 𝜏, and Appendix A.3.2 for parallel AFP.

decay observed in Section 3.2: as the block size 𝐵
(parallelism granularity) increases, the complexity
of inter-token dependencies within 𝑌 grows, forc-
ing the model to factorize under tighter intra-group
constraints. This leads to a monotonic increase in
the CTC-induced error bound. Our analysis sug-
gests that the performance gap between MDLMs
and AR models in high-parallelism settings is not
merely a consequence of insufficient model capac-
ity, but rather an intrinsic architectural limitation
in representing high-dependency structures. This
further explains why state-of-the-art methods (e.g.,
Trado, SDAR, openPangu (Tian et al., 2025)) often
adopt highly conservative block sizes; they effec-
tively sacrifice their defining architectural advan-
tage—parallelism—to circumvent the theoretical
precision ceiling imposed by independent factoriza-
tion.

5 Decoding Dynamics of MDLMs:
Disentangling Parallelism and
Generation Order

While the preceding analysis identifies the current
performance limits of MDLMs, we argue that their
latent potential resides in the unique flexibility of
their decoding trajectories. To characterize this be-
havior, we shift our perspective from macro-scale
accuracy to a mechanistic deconstruction of the two
defining dimensions in our title: Parallelism and
Generation Order. Focusing on the state-of-the-art
100B-parameter LLaDA2-flash, we operationalize
these properties via Average Finalization Paral-
lelism (AFP, Eq. 6) and Kendall’s 𝜏 (Eq. 7) to
conduct an in-depth analysis of the decoding dy-
namics of frontier diffusion models across diverse
benchmarks.

5.1 Metrics for Decoding Dynamics: AFP and
Kendall’s τ

To quantitatively analyze how MDLMs decode
tokens, we introduce two key metrics.
Average Finalization Parallelism(AFP). For a
generated sequence of length 𝑛, let 𝑐𝑖 ∈ {1, . . . , 𝑇}
denote the decoding step at which token 𝑖 is finalized.
We define the number of effective decoding steps
as 𝑇eff =

��{ 𝑡 | ∃ 𝑖 s.t. 𝑐𝑖 = 𝑡 }
��, i.e., the number of

distinct steps that finalize at least one token. The
Average Finalization Parallelism (AFP) is then

AFP =
𝑛

𝑇eff
=

𝑛��{ 𝑡 | ∃ 𝑖 s.t. 𝑐𝑖 = 𝑡 }
�� . (6)

Autoregressive decoding yields AFP ≈ 1, while a
fully parallel decoder that finalizes all tokens in a
single step achieves AFP = 𝑛.

Kendall’s 𝜏. To quantify the alignment between
finalization and surface order, we adopt Kendall’s
𝜏 (Abdi, 2007), a rank correlation coefficient from
statistics. For a sequence of length 𝑛, it measures
the correlation between token indices 𝑖 and their
finalization steps 𝑐𝑖. A pair of indices (𝑖, 𝑗) with
𝑖 < 𝑗 is concordant if 𝑐𝑖 < 𝑐 𝑗 and discordant if
𝑐𝑖 > 𝑐 𝑗 . The metric is defined as:

𝜏 =
C − D

𝑛(𝑛 − 1)/2
, (7)

where C and D are the numbers of concordant and
discordant pairs, respectively. While AR decoding
yields 𝜏 = 1 (strictly monotonic), 𝜏 < 1 indicates
a non-monotonic generation order where future
tokens may be finalized before their predecessors.
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(a) Knowledge (b) Natural Language Understand (c) Reasoning

(d) Coding (e) Math (f) Agent

Figure 5: Word clouds of the most frequent parallel decoding combinations across six benchmarks. High-
frequency co-occurrences are dominated by fixed phrases and specific special token combinations.

5.2 Macro-Level Patterns: How Task
Domains Shape Decoding Trajectories

We employ AFP and Kendall’s 𝜏 to characterize
MDLM dynamics, analyzing both intra-block dis-
tributions and inter-block evolution.

Intra-block Patterns. We observed significant
disparities in the behavioral patterns of samples
exhibiting the repetition phenomenon (Xu et al.,
2022); consequently, these instances are analyzed
separately in the subsequent sections. As shown in
Fig. 3, non-repetitive samples exhibit clear domain-
specific traits: (1) Sequential Dependency: Logic-
intensive tasks (Math, Reasoning, Code) show
𝜏 > 0.8, strictly following a left-to-right causal
chain. Conversely, Agentic and NLU tasks yield
lower 𝜏, favoring global semantic aggregation
over linear derivation (Fig. 3a). (2) Difficulty-
awareness: High AFP in Code and Agent domains
suggests MDLMs effectively capture structural par-
allelism. Crucially, correct samples consistently
exhibit higher AFP than incorrect ones, indicating
that high-confidence parallel decoding aligns with
factual correctness (Fig. 3c). (3) Pathological Rep-
etition: Repetitive outputs display an extreme im-
balance: ultra-high parallelism (AFP 5–7× normal)
alongside near-zero 𝜏 (figs. 3b and 3d). This reflects
entropy collapse, where the model is trapped in
a low-entropy state, triggering aggressive parallel
filling.

Inter-block Patterns. To mitigate length bias, we
group samples by total block count. Trajectories
within the same domain remain remarkably con-

sistent (Fig. 4; Appendix. A.3). (1) 𝜏 Evolution:
Reasoning tasks maintain high-linearity 𝜏; coding
exhibits an “arch-shaped” trajectory. A universal
𝜏 drop in the final block across all domains re-
veals a “generate-EOS-then-backfill” strategy. (2)
AFP Evolution: In Knowledge and Math, AFP for
correct samples climbs steadily as reasoning pro-
gresses, while stagnating for incorrect ones. This
suggests the model captures the uncertainty decay
driven by contextual accumulation.

5.3 Micro-Level Semantics: Probing
Parallelism and POS-based Order

Semantic Parallel Composition. Building upon
the statistical analysis of 58 evaluation tasks, we fur-
ther investigate high-frequency token combinations
across varying degrees of parallelism within six
capability dimensions (as illustrated in Figure 5).
Empirical observations reveal that these parallel-
generated token sequences share a distinct charac-
teristic: they are highly formulaic with minimal
semantic information gain. These combinations
primarily consist of newlines, punctuation, JSON
delimiters, Markdown/mathematical symbols, and
high-frequency transitional markers. Such pat-
terns suggest that parallel decoding tends to pro-
duce generic formatting and discourse structures.
This phenomenon aligns closely with the theoret-
ical framework established in Section 4.3, which
posits that highly templated token sequences ex-
hibit near-zero Conditional Total Correlation, i.e.,
𝐶 (𝑌 |𝑋) ≈ 0. In these instances, the predictive
signal for each token 𝑦𝑖 ∈ 𝑌 within a block orig-
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Figure 6: Parallelism visualization plot. Tokens are organized into blocks, each overlaid with a background color.
The intensity of the color corresponds to the average number of tokens decoded per step within that block.

inates almost entirely from the global context 𝑋 ,
rather than local interactions within the block 𝑌 .
For example, the header of a for loop inherently
determines the subsequent newline and indentation;
since these tokens do not depend on each other’s
local state, they can be generated in parallel.

Semantic Generation Order. To elucidate the
underlying mechanism of generation order, we con-
duct a case study on the Knowledge Benchmark.
We utilize Stanza (Qi et al., 2020) to perform Part-
of-Speech (POS) tagging on model outputs and
compute the average decoding step for various POS
categories (results presented in Table 5). The results
reveal a clear hierarchical pattern: the model first
constructs a "structural backbone" and subsequently
fills in "fine-grained details." This non-linear gen-
eration logic suggests that MDLMs do not simply
construct text in a strictly left-to-right fashion. In-
stead, they prioritize the deployment of structural
anchors by identifying global certainty, followed by
the incremental refinement of complex modifiers.
Further details are provided in Appendix A.4.

5.4 Case Studies: Grounding Dynamics in
Semantic Anchors

Parallelism Cases. Figure 6 provides a qualitative
validation of the aggregate statistical trends through
representative case studies. First, we observe a
distinct inverse correlation between parallel inten-
sity and semantic novelty: parallelism peaks during
the generation of deterministic content, such as
numerical recapitulation, logical restatements, or
formulaic templates. Second, in the Knowledge
and Math domains, parallel intensity scales as the
reasoning trajectory converges, manifesting a "clar-
ification effect" where decoding accelerates once
the solution path becomes certain. Finally, Coding
tasks exhibit an initial surge in parallelism driven
by structural boilerplate, which subsequently tapers
off as the model transitions to complex core logic.
These fine-grained observations are highly consis-
tent with the statistical trajectories visualized in
fig. 4.
Order Disruptions at Semantic Pivots. Beyond
the high global sequentiality shown in figs. 3 and 4,
we observe localized "plunges" in Kendall’s 𝜏
(fig. 7). These minima typically align with semantic
transitions (e.g., shifting from chain-of-thought rea-
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Figure 7: Case study. Highlighted blocks represent the local minima of τ. More cases in App. A.5.

soning to the final answer) or structural boundaries
(e.g., paragraph breaks or code-to-comment transi-
tions). At these junctions, the model momentarily
diverges from a strict left-to-right trajectory. This
suggests that MDLMs treat transition markers as
structural anchors that are generated out-of-order
or in parallel to "pre-plan" the layout of the sub-
sequent thought block before fully finalizing the
current one. Detailed case analyses are provided in
appendix A.5.

6 Discussion: Unlocking the Potential of
MDLMs

Driven by the findings in Section 5, we identify three
key potentials for MDLMs: parallelism, generation
order, and iterative editing.

1) Parallelism Potential: Acceleration. While
MDLMs parallelize structured content effectively
(Sec. 5.1), current speedup is limited by inference
frameworks. Future diffusion-specific optimiza-
tions (e.g., dinfer (Ma et al., 2025)) will be essen-
tial to realizing their speed advantage in structured
and long-form generation.

2) Sequential Potential: Non-Sequential Depen-
dency. Unlike the unidirectional dependency of
AR models, MDLMs support "any-order" inference,
enabling them to handle tasks with non-linear de-
pendency structures. Evidence and Analysis: In

our Sudoku experiments (Appendix A.6), as well
as in comparative studies on chemical molecule
design and protein design, MDLMs exhibit causal
modeling capabilities that surpass those of AR mod-
els. The models spontaneously acquire an “easy-
to-hard” strategy: they first fill in high-certainty
“anchor points,” and then leverage bidirectional
attention to resolve global uncertainty. Research
Direction: Current uniform masking strategies fail
to account for the internal causal hierarchy of data,
leading to an excessively large search space and
numerous invalid paths during training. A key fu-
ture challenge lies in introducing heuristic biases to
optimize decoding path modeling by mining reverse
causality.

3) Editing Potential: A Theoretical Path to Bridg-
ing the Accuracy Gap. To mitigate the loss of
causal information stemming from the conditional
independence assumption in parallel decoding, we
explore the theoretical potential of MDLMs for
parallel editing. Proofs provided in Appendix A.8
demonstrate that a "generate-then-edit" paradigm
not only effectively recovers accuracy degradation
but also redefines the boundaries of parallel gener-
ation. This paradigm enables the model to engage
in bold probabilistic exploration during the initial
stages, followed by efficient parallel editing to rec-
tify biases in batches. This "fast sampling followed
by parallel refinement" strategy theoretically allows
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the model to achieve superior generation quality
compared to single-pass inference within a shorter
equivalent time. This signifies the transition of
MDLMs from mere samplers to self-evolving rea-
soning systems. Furthermore, we implemented an
adaptation of editing capabilities on LLaDA2-mini-
16B, the preliminary experimental validation of
which is detailed in Appendix A.7.

7 Conclusion

To the best of our knowledge, this work presents
the first systematic and large-scale evaluation of
state-of-the-art Masked Diffusion Language Mod-
els (MDLMs). By benchmarking across 58 diverse
tasks and performing an in-depth mechanistic anal-
ysis of the 100B LLaDA model, we reveal the
fundamental decoding dynamics that govern par-
allel and arbitrary-order generation. Our findings,
grounded in both extensive empirical evidence and
theoretical proofs, illuminate the limits of current
parallel factorization while highlighting the im-
mense potential of MDLMs for non-linear causal
modeling and efficient iterative editing. This study
provides a foundational blueprint for the develop-
ment of next-generation non-autoregressive lan-
guage models that are both logically flexible and
computationally efficient.

Limitations

Potential Risks and Misinterpretation. We evaluate
all models under a unified local pipeline (prompt-
ing/decoding/scoring) to control confounders and
enable fair apples-to-apples relative comparisons
across architectures. However, these controlled
scores should not be treated as leaderboard-
equivalent or directly compared to numbers from
original reports, since prompts, decoding con-
straints, and answer-matching can differ and may
lead to different absolute results. In addition,
hardware-specific optimization can affect outcomes:
e.g., OpenPangu is primarily optimized for Huawei
Ascend, and our NVIDIA environment (without
Ascend-specific kernels) may yield different prac-
tical behavior, so such differences should not be
over-interpreted as purely modeling effects.
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A Appendix

A.1 Details of Experimental Protocol
Model Selection and Configurations. We evalu-
ate 8 state-of-the-art MDLMs, including LLaDA,
Trado (Wang et al., 2025), and SDAR (Cheng et al.,
2025), with scales reaching 100B parameters (e.g.,
LLaDA2-flash (Bie et al., 2025)). These models
span both block-wise and global diffusion decoding
paradigms. For clarity, the inference block size
for each model is explicitly documented in our
experimental result tables to facilitate a direct com-
parison of parallelism granularity. As baselines,
we benchmark against frontier AR models, includ-
ing the open-source Qwen3 series (Yang et al.,
2025) and proprietary models such as Gemini-2.5
Pro (Comanici et al., 2025) and OpenAI o3.
Benchmarks. To fill the void in systematic assess-
ments for MDLMs, we curate 58 benchmarks cat-
egorized into six dimensions: (i) Knowledge (e.g.,
MMLU); (ii) Mathematics (e.g., GSM8K, MATH);
(iii) Reasoning (e.g., BBH, GPQA); (iv) Language
Understanding (e.g., Hellaswag); (v) Agentic (e.g.,
BFCL); (vi) Coding (e.g., HumanEval). This suite
quantifies the performance gap between diffusion
and autoregressive paradigms across diverse do-
mains. See Appendix A.2 for a complete list.
Implementation Details. Our large-scale evalu-
ation is conducted on a distributed cluster of 512
NVIDIA GPUs. To maintain the architectural in-
tegrity and default configurations of each model,
we perform inference using the original implemen-
tations provided in their respective official open-
source repositories. For OpenPangu, we observe
that it is natively optimized for the Huawei As-
cend architecture and lacks optimized kernels for
NVIDIA hardware. Due to the resulting excessive
computational overhead, evaluating OpenPangu on
the full 58-benchmark suite was infeasible; we
therefore report its performance on a representative
subset.
Unified evaluation protocol. All results are ob-
tained by running each model locally. Except for
the parameter configurations specified in the ta-
ble, all other settings follow the best-performing
configurations reported in each model’s techni-
cal report, and results are generated under a uni-
fied evaluation pipeline. While this ensures a fair,
apples-to-apples comparison across models and
benchmarks, the absolute scores of some models
may be lower than those reported in their original
papers or public leaderboards due to differences in

evaluation settings (e.g., prompts, and our stricter
answer-matching/content scoring). Therefore, we
recommend interpreting our results primarily as
relative comparisons under a controlled protocol,
rather than as leaderboard-equivalent numbers.

A.2 Details of Benchmarks
This section provides detailed descriptions of the
58 benchmarks used in our large-scale evaluation.
Benchmarks are grouped into six categories: Cod-
ing, Mathematics, Knowledge, Language Under-
standing, Reasoning, and Agentic Agentic Capabil-
ities.

Coding
To comprehensively assess coding capabilities,
our evaluation spans from foundational synthesis
to complex, domain-specific reasoning. We use
CruxEval-O to evaluate a model’s ability to predict
program outputs (Gu et al., 2024); mbpp to assess
the synthesis of basic Python programs from natural
language (Austin et al., 2021b); MultiPL-E to test
multilingual code generation capabilities (Cassano
et al., 2022); and humaneval for standard code
generation from docstrings (Chen et al., 2021). Fur-
thermore, we assess performance on more complex
tasks with livecodebench_v6, using novel prob-
lems from programming contests (Jain et al., 2024);
Bigcodebench-Full, which challenges models to
invoke function calls as tools (Zhuo et al., 2025);
LCBench for learning curve analysis (Zimmer et al.,
2021); the complex text-to-SQL benchmark spi-
der (Yu et al., 2019); the challenging algorithmic
problems from CodeForces (Li et al., 2022); the
scientific-focused SciCode benchmark (Tian et al.,
2024); and Aider for testing interactive code editing
skills (Gauthier, 2023).

Mathematics
To evaluate mathematical capabilities, we employ a
diverse set of benchmarks. We begin with founda-
tional multi-step reasoning using GSM8K (Cobbe
et al., 2021) and its augmented version, GSM_Plus
(Li et al., 2024b). We then assess advanced
problem-solving with the challenging MATH com-
petition dataset (Hendrycks et al., 2021a), a cu-
rated subset (math500 (Hendrycks et al., 2021b)),
and its Chinese-language parallel, CMATH (Wei
et al., 2023), supplemented by GKMathUnion. To
probe the limits of model reasoning, we use elite-
level competition problems from OlympiadBench
(He et al., 2024), recent editions of the AIME
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Table 1: Performance comparison across code benchmarks. "Block Size 4 (max)" refers to the parallel
computation of 4-position logits where only the single most confident token is decoded. Other configurations utilize
threshold-based adaptive decoding, accepting all tokens that exceed a specific confidence level.

Model Coding

Model Name Block Size CruxEval-
O

mbpp MultiPL-
E

humaneval openai_
humaneval

livecode_
benchv6

Bigcode
bench

LCBench spider Code
Forces

SciCode Aider

qwen3-8B / 74.25 79.80 67.14 79.73 84.76 26.60 36.14 48.73 72.94 26.14 17.71 56.95
qwen3-14B / 79.25 83.26 69.07 84.91 87.80 29.46 38.51 55.61 76.94 27.39 21.96 68.42
qwen3-30B-A3B-Instruct-2507 / 90.31 86.86 75.64 89.41 93.29 47.36 41.14 79.22 81.60 73.56 26.22 74.25
qwen3-Next-80B-A3B-Instruct / 94.38 94.82 78.87 90.93 93.90 61.23 44.91 90.75 84.12 72.68 32.64 84.77
o3 / 99.38 98.59 71.23 89.94 98.17 73.79 40.35 94.97 77.69 86.49 40.97 90.23
Gemini-2.5 Pro / 94.38 98.33 48.26 91.16 25.00 72.08 89.97 89.97 85.10 84.77 44.10 93.98
TraDo-8B-Instruct 4 58.56 79.10 34.11 44.82 81.10 20.93 34.30 40.19 72.33 15.22 10.42 48.68
TraDo-4B-Instruct 4 52.81 68.15 21.18 27.29 78.05 14.10 30.96 26.46 71.63 6.00 11.81 32.71
DiRL-8B-Instruct 4 62.50 74.94 48.64 68.14 73.78 15.97 34.30 32.83 70.98 17.21 10.94 43.80
SDAR-30B-A3B-Chat 4 60.62 75.18 23.04 12.27 85.37 21.37 38.60 47.06 76.99 12.77 9.11 45.49
SDAR-4B-Chat 4 51.06 69.09 17.65 14.10 71.95 10.79 29.30 24.83 69.59 5.62 9.81 30.83
SDAR-8B-Chat 4 56.81 74.88 31.48 55.11 77.44 12.17 34.47 32.41 71.03 7.69 12.33 42.29
Dream-v0-Instruct-7B full 40.00 52.55 25.74 16.16 52.44 5.40 18.95 8.63 47.28 9.14 – 5.26
LLaDA-8B-Instruct 32 20.50 21.52 11.61 16.01 19.51 1.60 2.02 3.06 28.32 1.17 – 4.51
LLaDA-1.5 32 21.69 22.10 11.71 14.79 23.17 1.76 2.19 3.29 28.60 1.17 – 3.57
openPangu-7B-Diffusion-Base 32 42.00 – – – 18.90 – – 18.05 – – – 0.00
openPangu-7B-Diffusion-Base 4(max) 41.50 – – – 67.68 – – 21.26 – – – –

LLaDA2-mini-16B
32 72.62 82.17 70.25 81.25 85.37 31.72 33.07 67.81 76.99 22.84 13.19 39.85
64 69.44 81.06 69.32 81.71 85.98 28.52 31.14 64.44 74.57 17.31 12.50 39.85
128 31.31 65.46 63.70 67.30 71.95 16.85 27.46 55.44 61.76 23.31 4.17 20.30

LLaDA2-flash-100B
32 85.44 89.14 76.01 87.65 94.51 42.51 40.88 82.91 82.49 47.72 24.65 65.04
64 79.00 86.62 74.77 85.29 91.46 42.73 39.82 78.49 81.37 51.58 21.88 63.53
128 42.19 42.10 72.92 67.68 71.95 18.56 25.00 68.55 46.86 47.35 7.90 32.52

(24/25) (Mathematical Association of America,
2024) and HMMT25 (HMMT Organizing Commit-
tee, 2025), and the exceptionally difficult HARD-
Math2 (Roggeveen et al., 2025). Performance
on higher education material is measured using
College_Math (Stanford CRFM, 2023), the proof-
based UGMathBench (Xu et al., 2025), and the
theorem-application test TheoremQA (Chen et al.,
2023). Finally, for a holistic view, we include com-
posite and dynamic benchmarks like MathBench
(Liu et al., 2024), the Minerva_Math problem
set (Lewkowycz et al., 2022), and the community-
driven Livemathbench (Liu et al., 2025b).

Knowledge and Language Understanding
Our assessment of knowledge and language under-
standing covers a wide range, from broad factual re-
call to deep linguistic reasoning. For general world
knowledge, we use the Massive Multitask Language
Understanding (MMLU) benchmark (Hendrycks
et al., 2020) and its more challenging expert-level
variant, MMLU-PRO (Wang et al., 2024). We
also assess knowledge in Chinese contexts through
its counterpart, CMMLU (Li et al., 2024a), and
the comprehensive C-EVAL suite (Huang et al.,
2023). Performance on human-standardized exams
is measured with AGIEval (Zhong et al., 2024),
which includes tasks from exams like the SAT, and
GAOKAO-Bench (Zhang et al., 2023), which is
based on the Chinese college entrance exam. To test
deep, specialized knowledge, we use the “Google-
proof” GPQA benchmark (Rein et al., 2024), the
scientific reasoning challenge ARC-c (Clark et al.,

2018), the multi-disciplinary scibench (Wang et al.,
2023), and the high-difficulty physics benchmark
PhyBench (Qiu et al., 2025). Open-domain ques-
tion answering and fact retrieval are assessed using
TriviaQA (Joshi et al., 2017) and the real-world
query-based NQ (Natural Questions) (Kwiatkowski
et al., 2019). Finally, deeper linguistic compre-
hension is evaluated through the Classical Chinese
understanding benchmark C³ (Cao et al., 2024),
the coreference resolution task WSC (Winograd
Schema Challenge) (Levesque et al., 2012), and
SQuAD2.0 (Group et al., 2019), which tests a
model’s ability to handle unanswerable questions.

Reasoning and Agentic Capabilities
We evaluate advanced reasoning and agentic abil-
ities across a comprehensive set of benchmarks.
For reasoning, we include: multi-step abstract
and compositional reasoning (BBH (Suzgun et al.,
2023), BBeH); commonsense and physical reason-
ing in grounded scenarios (HellaSwag (Zellers
et al., 2019), PIQA (Bisk et al., 2020)); for-
mal logical deduction via synthetic world models
(ProntoQA (Saparov and He, 2022)), constraint-
satisfaction puzzles (ZebraLogic (Lin et al., 2025)),
and open-ended bilingual logic (AutoLogi (Zhu
et al., 2025c)); expert-level academic reasoning
resistant to web retrieval (HLE (Phan et al., 2025));
multistep soft reasoning over natural language nar-
ratives (MuSR (Sprague et al., 2023)); Chinese tex-
tual entailment (OCNLI (Hu et al., 2020)); discrete
numerical reasoning over passages (DROP (Dua
et al., 2019)); and knowledge-orthogonal rule ap-
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Table 2: Performance comparison across mathematics benchmarks. "Block Size 4 (max)" refers to the parallel
computation of 4-position logits where only the single most confident token is decoded. Other configurations utilize
threshold-based adaptive decoding, accepting all tokens that exceed a specific confidence level.

Model Mathematics

Model Name Block Size GSM8K math Olympiad
Bench

CMATH GSM_
Plus

College_
Math

Math
Bench

Minerva_
Math

math500 GKMath
Union

Live
mathbench

AIME24 AIME25 HARD
Math2

UGMath
Bench

Theorem
QA

HMMT
25

qwen3-8B / 93.73 86.24 55.07 95.54 86.06 83.07 83.65 32.05 86.20 77.46 63.39 30.10 22.29 5.57 58.77 53.00 11.35
qwen3-14B / 95.11 88.54 58.63 95.42 87.32 84.81 88.16 35.78 88.85 79.84 66.63 32.50 26.25 1.78 62.15 59.72 11.41
qwen3-30B-A3B-Instruct-2507 / 96.51 96.54 77.67 96.61 89.64 89.39 94.58 35.78 98.00 91.11 85.52 76.09 61.30 4.38 70.64 72.00 43.65
qwen3-Next-80B-A3B-Instruct / 96.42 91.52 80.37 97.04 96.17 89.82 95.79 45.83 91.53 91.83 88.07 87.73 68.64 38.27 72.80 75.76 48.43
o3 / 95.45 96.30 82.81 94.72 88.83 89.67 93.00 19.79 94.05 91.87 82.48 88.59 85.62 44.31 74.55 76.81 76.95
Gemini-2.5 Pro / 92.99 85.78 53.04 95.72 87.30 90.13 95.31 33.88 88.75 92.62 89.28 87.81 84.27 43.36 74.47 75.94 0.00
TraDo-8B-Instruct 4 92.51 78.88 44.59 93.58 83.73 77.79 81.61 38.60 81.20 63.33 45.90 16.88 16.46 4.27 49.25 48.50 3.33
TraDo-4B-Instruct 4 91.76 76.74 41.04 93.26 82.95 75.30 80.16 34.99 76.35 58.41 40.30 13.54 6.67 0.47 48.48 42.38 6.67
DiRL-8B-Instruct 4 93.35 83.70 50.11 92.03 85.70 77.71 79.83 36.76 85.05 72.70 56.56 16.88 16.88 4.38 51.45 54.62 10.42
SDAR-30B-A3B-Chat 4 91.51 77.52 35.26 92.67 82.95 65.72 79.68 27.94 78.30 56.23 41.80 6.67 10.21 2.49 46.32 44.25 3.54
SDAR-4B-Chat 4 91.26 70.46 34.59 91.26 80.63 66.47 77.12 22.73 70.25 52.54 34.02 6.46 6.67 0.47 38.66 33.88 3.33
SDAR-8B-Chat 4 90.86 74.02 40.15 92.58 82.21 73.46 78.97 33.27 74.70 56.87 38.66 16.25 3.75 1.90 44.19 43.25 3.33
Dream-v0-Instruct-7B full 9.61 36.08 11.93 63.07 4.87 68.24 46.41 1.29 36.60 10.60 19.26 0.89 0.68 0.83 15.77 25.56 0.05
LLaDA-8B-Instruct 32 74.17 32.72 7.33 58.24 61.61 24.20 38.53 7.90 25.80 25.04 8.27 0.62 0.16 0.47 14.84 13.63 0.16
LLaDA-1.5 32 75.55 34.32 8.00 65.39 64.49 25.87 43.96 10.17 29.70 26.94 9.15 1.15 0.10 0.47 16.81 15.00 0.21
openPangu-7B-Diffusion-Base 32 26.52 – – – – – – 14.52 48.00 – – – – 0.24 – – –
openPangu-7B-Diffusion-Base 4(max) – – – – – – – 3.98 36.00 – – – – 1.07 – – –

LLaDA2-mini-16B
32 94.24 93.18 67.56 95.54 86.29 85.42 87.61 30.70 93.70 87.18 77.32 46.67 40.83 3.79 58.09 63.75 24.38
64 94.29 92.96 66.96 95.36 86.31 85.95 86.01 32.54 93.10 85.67 74.04 53.12 36.67 2.84 53.97 63.38 18.54
128 89.14 85.98 63.19 89.75 80.61 83.07 78.81 31.80 89.80 82.86 69.67 48.54 38.33 1.42 35.16 59.38 21.46

LLaDA2-flash-100B
32 96.36 95.60 73.48 96.99 89.60 88.57 92.03 35.66 97.60 89.84 83.88 63.33 56.67 4.27 68.63 72.25 47.50
64 96.13 95.14 72.30 95.72 89.65 88.86 89.64 38.24 96.40 89.05 82.51 61.67 49.58 3.79 66.73 70.88 52.92
128 62.85 80.48 66.81 68.17 62.24 88.50 34.36 28.68 95.00 78.85 82.14 59.17 42.92 2.84 33.95 69.12 27.92

Table 3: Performance comparison across Knowledge and Language benchmarks. "Block Size 4 (max)" refers
to the parallel computation of 4-position logits where only the single most confident token is decoded. Other
configurations utilize threshold-based adaptive decoding, accepting all tokens that exceed a specific confidence level.

Model Knowledge Language

Model Name Block Size MMLU MMLU-
PRO

GPQA AGIEval GAOKAO-
Bench

Trivia
QA NQ ARC-c scibench Phy

bench
CMMLU C-EVAL C3 WSC squad2.0

qwen3-8B / 82.35 66.12 47.92 71.19 86.13 52.47 30.91 92.71 3.51 11.89 79.09 81.44 92.05 77.70 85.25
qwen3-14B / 84.67 70.49 51.42 77.21 90.17 61.19 34.07 93.69 2.97 13.49 82.37 84.64 94.08 74.70 90.89
qwen3-30B-A3B-Instruct-2507 / 87.20 74.09 54.83 84.60 94.24 65.52 39.25 95.81 4.57 31.86 86.46 87.86 96.16 90.62 89.71
qwen3-Next-80B-A3B-Instruct / 96.84 81.62 73.45 87.43 91.32 72.86 58.89 96.86 1.53 32.76 88.89 95.39 97.42 95.97 91.32
o3 / 91.59 82.09 81.41 87.65 93.57 86.21 66.65 96.82 4.24 39.81 86.47 87.51 98.14 99.04 86.49
Gemini-2.5 Pro / 92.87 85.59 84.34 88.77 96.91 84.29 63.27 97.20 0.81 52.63 89.00 89.67 98.14 99.94 69.38
TraDo-8B-Instruct 4 79.69 58.96 39.33 64.96 83.66 58.35 34.40 91.53 3.53 6.55 77.66 78.37 93.97 78.85 89.14
TraDo-4B-Instruct 4 75.81 53.62 35.26 59.53 77.67 48.44 28.73 89.83 2.69 8.23 73.14 74.59 91.07 57.69 87.80
DiRL-8B-Instruct 4 81.08 44.87 44.07 61.18 82.08 56.57 33.07 90.17 2.30 11.81 76.95 79.44 93.48 78.85 87.41
SDAR-30B-A3B-Chat 4 80.92 59.82 36.84 69.29 86.81 65.23 39.53 94.83 3.01 7.34 81.71 81.16 96.00 78.85 88.23
SDAR-4B-Chat 4 74.12 50.09 29.45 59.23 74.42 47.48 28.39 91.19 2.50 4.14 72.33 72.25 91.01 60.58 87.26
SDAR-8B-Chat 4 77.72 55.17 36.96 64.08 82.41 57.33 33.30 92.20 2.92 5.74 76.89 76.91 93.42 77.88 89.02
Dream-v0-Instruct-7B full 69.28 42.10 32.04 46.36 47.43 50.33 24.63 89.53 1.56 3.30 51.66 51.80 83.62 71.33 85.12
LLaDA-8B-Instruct 32 50.78 25.31 23.30 39.41 49.39 37.56 18.37 80.59 1.09 1.54 45.76 46.54 70.03 32.75 88.17
LLaDA-1.5 32 56.00 30.19 24.53 42.15 54.30 37.48 19.14 79.45 0.40 2.23 52.42 52.98 80.49 37.56 88.48
openPangu-7B-Diffusion-Base 32 – – – – 39.28 – – 80.34 2.27 4.35 – 68.82 86.58 48.08 52.19
openPangu-7B-Diffusion-Base 4(max) – – – – – – – 76.27 3.31 5.59 – 72.24 83.34 51.92 –

LLaDA2-mini-16B
32 80.58 64.21 47.22 72.74 83.79 52.59 32.58 92.88 3.71 13.67 79.41 81.86 89.64 69.23 86.45
64 80.58 62.43 45.74 72.09 83.40 52.07 32.27 92.88 4.20 13.58 79.76 79.94 89.26 70.43 86.46
128 76.93 59.33 46.28 70.01 74.15 50.01 28.86 89.41 5.78 7.83 80.16 80.16 89.04 68.75 81.34

LLaDA2-flash-100B
32 87.91 74.84 62.25 82.01 93.29 66.81 44.79 95.93 3.74 27.71 85.05 85.93 94.19 93.27 89.88
64 86.75 73.89 65.59 80.72 92.71 66.74 44.57 94.58 4.06 20.53 83.53 84.62 93.21 93.27 89.75
128 42.13 21.99 46.53 46.31 57.26 65.10 40.75 31.86 7.57 22.02 26.99 34.98 50.58 24.04 76.85

plication in out-of-distribution settings (KorBench
(Ma et al., 2024)). For agentic capabilities, we
assess precise tool/API invocation correctness via
BFCL (Patil et al., 2025), and multi-agent coor-
dination, workflow orchestration, and supervisor
hierarchy management using Nexus (Sami et al.,
2025).

A.3 Details of Inter-block Patterns.

A.3.1 Dynamic variations of τ values across
six domains for positive and negative
samples.

See figs. 8 to 13 for details.

A.3.2 Dynamic variations of AFP values
across six domains for positive and
negative samples.

See figs. 12, 14 to 17 and 19 for details.

A.4 Details of Part-of-Speech(POS) Decoding
Order

Taking the knowledge benchmark as an example,
we collected the Part-of-Speech (POS) sequences
of the output content within each generation block.
The results are shown in Table 5. We observe that
the model exhibits a distinct temporal order in its
POS tags.

First, tags typically associated with simple or
independent content—such as INTJ (interjection),
X (other), NUM (number), PROPN (proper noun), and
SYM (symbol)—appear relatively early. This indi-
cates that the model tends to initiate generation
with simple tokens like numbers, names, and sym-
bols. Second, structural cues also emerge early:
PUNCT (punctuation) and CCONJ (coordinating con-
junction) generally appear at lower average steps,
implying that the model quickly inserts delimiters
and connectors before drafting substantive con-
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Figure 8: Evolution of τ values for grouped samples across knowledge domains.
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Figure 9: Evolution of τ values for grouped samples across agent domains.

7195



Figure 10: Evolution of τ values for grouped samples across coding domains.
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Figure 11: Evolution of τ values for grouped samples across math domains.
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Table 4: Performance comparison across Reasoning and Agent benchmarks. "Block Size 4 (max)" refers to the
parallel computation of 4-position logits where only the single most confident token is decoded. Other configurations
utilize threshold-based adaptive decoding, accepting all tokens that exceed a specific confidence level.

Model Reasoning Agent

Model Name Block Size ocnli drop kor
bench

bbh bbeh hella
swag piqa Pronto

QA HLE Zebra
Logic

Auto
Logi MuSR BFCL nexus

qwen3-8B / 60.88 84.39 58.80 78.71 17.87 79.19 88.25 93.19 3.85 37.45 76.49 69.24 70.27 38.46
qwen3-14B / 67.22 84.78 62.48 83.09 16.96 86.52 88.68 88.06 3.20 48.98 82.13 72.41 67.23 43.17
qwen3-30B-A3B-Instruct-2507 / 71.29 89.88 74.16 85.38 37.30 86.39 91.78 96.38 5.89 91.08 88.24 78.89 73.43 49.92
qwen3-Next-80B-A3B-Instruct / 73.86 91.32 78.48 86.88 47.16 89.13 93.85 97.50 7.04 95.58 89.52 78.73 76.24 50.50
o3 / 75.12 88.09 81.04 89.71 66.20 92.67 96.19 76.12 15.85 93.90 88.53 82.33 75.19 53.08
Gemini-2.5 Pro / 73.29 87.35 81.36 88.66 66.75 92.86 96.35 96.88 7.83 91.90 77.61 82.31 75.16 58.18
TraDo-8B-Instruct 4 65.39 60.03 51.12 59.38 14.96 83.68 87.38 73.12 3.01 14.10 49.75 61.03 58.15 41.09
TraDo-4B-Instruct 4 62.98 59.77 47.36 54.98 14.25 81.77 83.13 61.12 4.12 9.22 40.91 55.61 41.69 34.90
DiRL-8B-Instruct 4 65.80 45.52 51.84 61.80 16.31 77.72 86.83 93.50 3.99 13.60 61.00 58.21 45.98 38.53
SDAR-30B-A3B-Chat 4 65.76 76.92 50.40 55.15 15.04 88.93 91.29 48.12 3.85 11.10 41.84 57.97 46.10 36.27
SDAR-4B-Chat 4 62.58 60.06 46.24 53.43 13.43 83.14 81.99 59.00 3.89 8.00 35.16 53.58 40.03 34.07
SDAR-8B-Chat 4 64.17 65.09 49.04 52.18 13.51 83.16 86.83 72.62 3.20 11.12 43.70 59.15 53.18 39.12
Dream-v0-Instruct-7B full 49.46 74.67 33.52 43.58 13.58 69.12 87.70 66.94 4.54 4.35 26.82 46.95 52.53 29.14
LLaDA-8B-Instruct 32 24.85 58.66 34.64 38.95 10.87 68.58 71.93 51.19 3.94 – 13.17 46.74 – 11.15
LLaDA-1.5 32 35.73 63.79 35.12 42.69 10.97 67.66 73.45 56.44 4.73 – 13.43 49.79 – 9.27
openPangu-7B-Diffusion-Base 32 – – – – – – 72.74 – – – – 49.49 – –
openPangu-7B-Diffusion-Base 4(max) – – – – – – 69.21 – – – – 52.65 – –

LLaDA2-mini-16B
32 63.80 85.76 54.40 78.70 15.79 78.87 86.40 88.88 4.36 62.48 71.81 71.10 71.15 36.80
64 63.32 83.92 53.52 79.00 16.00 78.92 86.78 83.75 4.82 47.25 68.99 74.41 71.79 36.53
128 62.61 77.79 49.44 74.65 14.55 78.74 86.78 80.00 4.08 34.30 57.13 69.50 69.19 23.23

LLaDA2-flash-100B
32 71.86 89.45 67.76 87.00 28.27 85.08 92.93 97.00 4.91 82.05 79.53 78.23 74.90 50.82
64 68.31 85.51 68.24 84.87 27.40 83.60 91.19 97.00 4.17 74.60 81.27 78.64 74.54 49.05
128 6.10 30.07 56.08 33.88 21.20 58.72 52.45 53.50 4.36 50.75 72.18 54.03 64.52 27.70

tent. The core substance of the sentences is then
constructed during the intermediate steps, where
NOUN (noun), VERB (verb), PRON (pronoun), and AUX
(auxiliary) are most prevalent. Finally, tags that
add supplementary details, such as ADJ (adjective),
ADV (adverb), and ADP (adposition), tend to appear
later, suggesting that the model typically appends
descriptions and relational context once the main
content is established.

Notably, this sequence is not merely a reflection
of tag frequency: some highly frequent tags (e.g.,
NOUN and PUNCT) are not the earliest to appear,
while several less common tags emerge at the very
beginning. This further supports the hypothesis
that the model "builds the basic structure first, then
populates the details."

Table 5: Global POS tendency measured by average
local step (knowledge benchmark).For each generated
block, we tag every token with a POS label and record
its local step (its position index inside the block, starting
from 1). We then compute the Global Avg. Step for
each POS tag by averaging these local steps over all
occurrences of this tag in the whole dataset. A smaller
average step means that this POS tag is more likely to
appear earlier in a block, while a larger value means it
tends to appear later. Total Count is the total number of
tokens assigned to this POS tag in our collected outputs.
For clarity, the tags are sorted by Global Avg. Step in
ascending order. Note that these numbers describe a
position trend inside blocks, and they are not the same
as the overall POS frequency in normal text.

POS Tag Global Avg. Step Total Count
INTJ 2.3418 437156
X 2.7302 1135829
NUM 3.3031 8419293
PROPN 3.6147 5188437
SYM 3.8025 2816180
CCONJ 4.5384 1894660
PUNCT 4.5618 11005503
AUX 4.7912 3089759
NOUN 4.8039 15598091
PRON 4.8151 2060850
SCONJ 4.8545 660041
PART 4.9402 1099089
DET 5.2555 3905146
ADV 5.4416 2307803
VERB 5.6032 3916307
ADP 6.0675 2759438
ADJ 6.2864 2922280
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Figure 12: Evolution of τ values for grouped samples across language understanding domains.
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Figure 13: Evolution of τ values for grouped samples across reasoning domains.
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Figure 14: Evolution of afp values for grouped samples across agent domains.
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Figure 15: Evolution of afp values for grouped samples across code domains.
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Figure 16: Evolution of afp values for grouped samples across knowledge domains.
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Figure 17: Evolution of afp values for grouped samples across math domains.
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Figure 18: Evolution of afp values for grouped samples across language understanding domains.
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Figure 19: Evolution of afp values for grouped samples across reasoning domains.
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A.5 Order Disruptions at Semantic Pivots

Figure 20: case study. This 𝜏 local-minimum output falls exactly at the boundary between “closing the previous
reasoning chain” and “opening the next one.” The model first uses “cannot say their resultant is zero. Hence option
B is wrong.” to simultaneously finalize B’s key rationale and its incorrect conclusion, and then immediately switches
to “C. . . . Correct.” to start a new evaluation. Because this moment involves multiple constraints—summarization,
switching, structural labeling, and planning the next line of argument—the demand for parallel organization is
greatest, so the curve reaches its lowest value here.

Figure 21: case study. The minimum 𝜏 value occurs at the critical state-update point of the "third swap," where a
single operation has to change two people’s positions at the same time. Moreover, step 3 is the final swap: right after
writing these two updates, the model must immediately derive the final position assignment. Models therefore tend to
initiate both "updating" and "checking whether it is reasonable / whether it will conflict" mechanisms simultaneously
at this point. The later output—"Wait . . . / Two people can’t be striker"—is precisely the explicit surfacing of that
validation, and the minimum 𝜏 value often appears around the transition just before and after the check is triggered.
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Figure 22: case study.At the boundary where "B ends and C begins," the model’s output shows the highest
degree of parallelism. At this point, the model must handle two things in parallel: on the one hand, it needs to
finalize B’s conclusion and bring the wording to a close; on the other hand, it needs to launch C’s new argument
framework (resetting the subject under discussion and the criteria for judgment). This kind of "state switching across
paragraphs/across options" creates a stronger need for parallel organization.

Figure 23: case study. The minimum 𝜏 value occurs in this segment because it sits at the boundary between "the
end of the previous item + the beginning of the next item." At the same moment, the model must handle in parallel
the correctness of the JSON structure, the semantic wrap-up of the previous item, the planning of the next entry, and
the entity switch—moving from Rowling’s concluding sentence to the start of Beyoncé’s entry, which involves both
an entity change and stylistic continuity. Entity switching typically requires more parallel retrieval and planning, so
the degree of parallelism is higher at the switch point.
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Figure 24: case study. When the 𝜏 value reaches its minimum, within the same short span of text the model needs to
(1) maintain a consistent writing style to deliver a summary, while (2) rapidly reset the semantic context and prepare
the details to be written next. In effect, it is handling two generation goals at once—an ending and a beginning—and
this forward-looking content organization manifests as a higher degree of parallel processing.

Figure 25: case study. When the 𝜏 value reaches its minimum, the model must complete multiple tasks in parallel
at the same moment: on the one hand, it performs and cross-checks the core computation; on the other hand, it
organizes that computation into a clear proof chain using LaTeX formulas and transitional phrasing. At the same
time, while outputting the equality check, it already plans the subsequent simplification route. In addition, it has to
satisfy numerical correctness, consistency in symbols and typesetting, and a narrative rhythm that smoothly bridges
what comes before and after. Because this point is both a checkpoint for “whether it holds” and a starting point
for “how to simplify,” it functions as a key pivot in the solution, prompting the model to activate verification and
simplification in parallel.
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A.6 Experimental Study of Any-Order
Inference in Sudoku, Molecular Design,
and Protein Design

A.6.1 Sudoku

Figure 26: Sudoku Case.

Data Description Sudoku is a representative Con-
straint Satisfaction Problem (CSP) that requires the
model to maintain global consistency across rows,
columns, and 3 × 3 sub-grids. We utilized a script
to randomly generate 150 unique 9 × 9 Sudoku
puzzles with varying difficulty levels. The problem
format, as illustrated in Figure 26, presents a grid
with missing digits (represented by zeros or specific
placeholders), and the model is required to output
the fully completed 9 × 9 matrix.

Experimental Setup To evaluate the learning
efficiency and reasoning capabilities of different
architectures, we partitioned the 150 puzzles into
a training set of 50 samples and a test set of 100
samples. We compared two primary architectures:
(1) Autoregressive (AR) models, including Qwen3-
80B-next (Zero-shot) and Qwen3-8B (Fine-tuned);
and (2) Diffusion-based models, including LLaDA-
flash-100B (Zero-shot) and Dream-7B (Fine-tuned).
All fine-tuning experiments were conducted using
the models’ respective official training frameworks.
The evaluation metric is the accuracy score based
on the number of correctly solved grids out of 100
test cases.

Results and Analysis The experimental results,
summarized in Table 6, reveal several critical in-
sights into the relationship between model architec-
ture and logical reasoning efficiency:

1. Architectural Superiority of Diffusion Mod-
els: Despite having significantly fewer param-
eters, the fine-tuned Dream-7B (Diffusion)
achieved a score of 80 within only 10 epochs,
surpassing even the zero-shot performance of
the 100B-parameter LLaDA (78). This sug-
gests that the full-attention mechanism in dif-
fusion models is inherently more compatible
with the bidirectional constraints of Sudoku
than the causal masking used in AR models.

2. Sample Efficiency and Convergence:
Dream-7B demonstrated remarkable sample
efficiency. With only 50 training examples,
it reached a score of 65 at epoch 5. In con-
trast, Qwen3-8B (AR) exhibited much slower
convergence, remaining at a score of 0 for the
first few epochs and only reaching a score of
55 after 50 epochs. This disparity highlights
that AR models struggle to "look ahead" or
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Table 6: Sudoku Solving Performance: Comparison between Diffusion-based and Autoregressive Models. (Training
set: 50 samples, Test set: 100 samples)

Model Architecture Params Epochs Score (Acc.)

Zero-shot Baselines
LLaDA-flash-100B Block-wise Diffusion 100B 0 78
Qwen3-80B-next Autoregressive 80B 0 63

Fine-tuned Models
Dream-7B Full-attention Diffusion 7B 0 9

2 31
5 65
10 80

Qwen3-8B Autoregressive 8B 0 0
2 0
10 15
20 17
50 55

maintain global consistency without extensive
training or explicit Chain-of-Thought (CoT)
prompting.

3. Paradigm Shift in Low-Data Scenarios: The
fact that a 7B diffusion model can outperform
an 80B AR model (63 score) and a 100B
diffusion baseline underscores that for tasks
requiring parallel constraint satisfaction, ar-
chitecture outweighs scale. Diffusion models
treat Sudoku solving as an iterative refinement
process of the entire grid, whereas AR models
are forced to solve it as a sequential prediction
task, which is susceptible to error propagation.

A.6.2 Cross-math puzzle
Data Description To further evaluate the models’
proficiency in integrating numerical reasoning with
structural consistency, we introduce the MathMa-
trix task. This task represents a more complex
Constraint Satisfaction Problem (CSP) than Su-
doku, as it requires both algebraic calculation and
bidirectional logical alignment.

• Task Structure: Each instance consists of a 5×5
grid representing a system of interlocking arith-
metic equations. As shown in the examples (see
Fig. 27), the 1st, 3rd, and 5th rows and columns
constitute horizontal and vertical equations (e.g.,
𝐴 × 𝐵 = 𝐶), while the 2nd and 4th rows and
columns contain the operators (e.g., +, −, ×) that
link these equations.

• Constraint Mechanism: Unlike Sudoku, which
relies on set-based exclusion logic, MathMatrix
requires precise arithmetic operations. A valid
solution must ensure that all six equations (three
horizontal and three vertical) are satisfied simul-
taneously. This creates a high-degree of coupling:
changing a single digit may invalidate both its
row-wise and column-wise expressions.

• Data Partitioning: We programmatically gen-
erated 150 unique MathMatrix puzzles with
varying arithmetic complexity. Following the
same experimental protocol as the Sudoku task,
we partitioned the data into a training set of 50
samples and a test set of 100 samples to assess
the models’ few-shot learning and generalization
capabilities.

Experimental Setup We evaluated both
Diffusion-based and Autoregressive (AR) archi-
tectures in zero-shot and fine-tuned settings. For
zero-shot baselines, we included massive models
such as Qwen3-next-80B and LLaDA-mini-16B.
For the fine-tuning experiments, we utilized 50
training samples and evaluated the models at
multiple checkpoints . All models were fine-tuned
using their official training frameworks with
standardized hyperparameters to ensure a fair
comparison of architectural efficiency in low-data
scenarios.

Results and Analysis The experimental results
in Table 7 reveal several critical findings regarding
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Figure 27: Cross-math puzzle Case. The task requires filling placeholders to satisfy three horiWe evaluated both
Diffusion-based and Autoregressive (AR) architectures in zero-shot and fine-tuned settings. For zero-shot baselines,
we included massive models such as Qwen3-next-80B and LLaDA-mini-16B. For the fine-tuning experiments, we
utilized 50 training samples and evaluated the models at multiple checkpoints (Epochs 0 to 50). All models were
fine-tuned using their official training frameworks with standardized hyperparameters to ensure a fair comparison of
architectural efficiency in low-data scenarios.zontal and three vertical equations simultaneously.

Table 7: Performance Comparison on the Cross-math puzzle Task. Scores represent accuracy on the 100-sample
test set.

Model Architecture Params Epochs Score (Acc.)

Zero-shot Baselines
Qwen3-next-80B Autoregressive 80B 0 26.32
LLaDA-mini-16B Diffusion 16B 0 15.79
Trado-8B-instruct Diffusion 8B 0 14.74
Qwen2.5-7B-instruct Autoregressive 7B 0 6.32

Fine-tuned Models
LLaDA-8B-instruct Diffusion 8B 0 4

2 36
5 42

Dream-7B Diffusion 7B 0 0
2 18
3 26
5 40

Qwen3-8B Autoregressive 8B 0 0
2 0
3 0
5 0
10 25

Table 8: Performance on Chemical Formula Generation Tasks

Task Method Exact ↑ BLEU ↑ Levenshtein ↓ RDK FTS ↑ MACCS FTS ↑ Morgan FTS ↑ Validity ↑

Description-guided Mol Gen Qwen3-8B 0.006 0.554 34.984 0.273 0.465 0.194 0.313
DiRL-8B (bl=64) 0.017 0.748 37.090 0.421 0.595 0.262 0.524

Forward Reaction Pred Qwen3-8B 0.195 0.822 14.131 0.620 0.739 0.564 0.793
DiRL-8B (bl=64) 0.309 0.939 16.670 0.619 0.780 0.575 0.999

Reagent Prediction Qwen3-8B 0.005 0.446 30.788 0.190 0.325 0.160 0.575
DiRL-8B (bl=64) 0.043 0.514 25.730 0.327 0.453 0.284 0.989

Retrosynthesis Qwen3-8B 0.148 0.876 15.858 0.594 0.730 0.564 0.628
DiRL-8B (bl=64) 0.160 0.905 21.609 0.600 0.753 0.549 0.997
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architectural performance on highly-coupled logical
tasks:

1. Rapid Convergence of Diffusion Models:
Diffusion-based models exhibited an explosive
growth in accuracy during the early stages of fine-
tuning. LLaDA-8B-instruct improved from a
zero-shot score of 4 to 36 within only 2 epochs,
eventually reaching 42 at epoch 5. Similarly,
Dream-7B reached a score of 40 at epoch 5.
Remarkably, both 7B-8B diffusion models out-
performed the 80B-parameter Qwen3 (26.32)
after just 5 epochs of training on a tiny 50-sample
dataset.

2. The Bottleneck of Causal Masking: In contrast,
the autoregressive Qwen3-8B failed to achieve
any correct solutions (Score=0) for the first 5
epochs. This suggests that the unidirectional
nature of causal masking makes it extremely
difficult for the model to learn interlocking arith-
metic constraints. Qwen3-8B only began to
converge at epoch 10 (Score=25), still trailing
behind the diffusion models that were trained
for significantly fewer iterations.

A.6.3 Molecular Design and Protein Design
Experimental Setup and Results. Using the Mol-
instructions (Fang et al., 2023) dataset, we selected
four chemical formula generation tasks and one
protein design task. All models were evaluated us-
ing identical training data and evaluation protocols.
The results of the chemical formula generation tasks
are summarized in Table 8, while the performance
for the protein design task is presented in Table 9.

Table 9: Performance on Protein Design Task

Task Model NSW ↑

Protein Design
Qwen3-8B 0.0108
dream7b 0.0861
DiRL-8B (bl=64) 0.1200

Analysis of Results. We compared two diffusion
models (dream7b and DiRL-8B) with a state-of-
the-art autoregressive (AR) model (Qwen3-8B).
The results in Table 8 and Table 9 confirm that
DLMs possess a clear advantage in tasks governed
by global sequence constraints. Taking the protein
design task (Table 9) as a representative case:

• Spatial Proximity vs. Sequence Distance:
Although proteins are represented as 1D amino

acid sequences, their biological function is
determined by their 3D folded structure. Two
residues far apart in the 1D sequence (e.g.,
positions 10 and 200) may be spatially adjacent
in 3D space, forming a critical active site.

• Limitations of AR Models: Autoregressive
models generate tokens in a strict left-to-right
order. When predicting the 100th residue,
the model can only consider residues 1–99;
it is fundamentally unable to incorporate the
“future” constraints of the 200th residue, which
has not yet been generated.

• Advantages of Diffusion Models: DLMs
maintain a global receptive field during ev-
ery denoising step. This allows the model to
simultaneously consider the entire sequence
context, enabling it to fix key structural “an-
chors” at both ends of a sequence before filling
in the middle, or to generate a functional motif
first and then “diffuse” outwards to create the
supporting scaffold. This mechanism aligns
perfectly with the physical reality of global
structural constraints in biomolecules.

A.7 Preliminary Experimental Validation of
Editing Capabilities

We implemented and evaluated the proposed edit-
ing mechanism on LLaDA2.0-mini-16B. Prelim-
inary results demonstrate its significant potential
in enhancing generation quality and accelerating
inference throughput.

A.7.1 Mechanism Design
Training (Two-stage Loss) The model is trained
using a hybrid objective to internalize editing capa-
bilities:

• Stage 1 (Hybrid Denoising): Given a prompt
𝑥 and a target sequence 𝑦 (where 𝑦 is the
ground truth), we assume a partially decoded
state where the first 𝑡 positions have been gen-
erated (e.g., 𝑦̂<𝑡 ). The model simultaneously
optimizes:

– Mask-to-Token (M2T) Loss: Predict-
ing the subsequent tokens 𝑦≥𝑡 given the
context.

– Token-to-Token (T2T) Loss: Refining
the already decoded but potentially noisy
tokens 𝑦̂<𝑡 to match the ground truth 𝑦<𝑡 .
This constitutes the Editing Loss.
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Table 10: Performance comparison of LLaDA2-mini-16B under different editing configurations.

Model Thr. Metric Avg. GPQA SQ2 DROP CruO MBPP HEval LCB GSM MATH OlB IFEv

llada2-mini 0.95 Score 71.48 28.79 85.77 81.62 70.75 83.84 85.37 31.50 92.57 89.00 59.85 77.26
(baseline) AFP 3.34 5.98 2.13 1.96 3.09 3.31 3.37 4.28 2.61 3.70 4.56 1.76

TPS – 336.1 – – 589.8 731.9 – 636.4 – – – –

+ Edit m2t:0.8 Score 73.27 48.48 82.66 81.27 73.38 78.92 85.98 24.89 92.80 93.80 67.85 75.97
(Forward=2) t2t:0.3 AFP 1.05 0.81 1.29 0.77 1.06 1.27 1.40 1.15 0.98 1.16 0.99 0.65

+ Edit m2t:0.5 Score 68.89 32.83 83.93 78.74 68.62 78.45 82.32 27.09 92.04 89.02 59.85 64.88
(Forward=1) t2t:0.0 AFP 6.03 4.84 4.67 5.39 5.89 8.83 7.57 6.45 5.92 7.06 6.85 2.91

TPS – 954.0 – – 1302.0 1161.7 – 1121.5 – – – –

+ Edit m2t:0.5 Score 72.60 46.97 83.66 81.13 71.12 78.22 83.54 25.77 93.18 92.60 66.22 76.16
(Forward=1) t2t:0.3 AFP 3.20 2.17 3.63 2.34 3.10 4.27 4.41 3.72 3.05 3.77 3.10 1.62

• Stage 2 (Teacher Forcing Refinement): Uti-
lizing teacher forcing, the model is fed slightly
perturbed versions of correct tokens to practice
sequence-wide refinement, ensuring robust er-
ror correction during iterative decoding.

Inference Strategies We define two primary in-
ference modes for the editing paradigm:

• Forward=1 (Parallel Edit): In a single for-
ward pass, the model simultaneously pre-
dicts new tokens and refines previously gen-
erated ones (i.e., Forward(𝑦<𝑡 , [MASK]) →
{𝑦′<𝑡 , 𝑦𝑡 }).

• Forward=2 (Sequential Edit): A two-step
process where the model first decodes new
tokens and then performs a dedicated second
forward pass to refine the entire sequence (i.e.,
Step 1: 𝑦<𝑡 → 𝑦𝑡 ; Step 2: {𝑦<𝑡 , 𝑦𝑡 } → 𝑦′1...𝑡 ).

A.7.2 Experimental Setup
Dataset We utilized a high-quality instruction-
following dataset comprising 308,000 samples
across logic, code, and general tasks, distilled from
state-of-the-art models such as GPT-4.

Infrastructure Training was conducted on
NVIDIA H200 GPUs. Inference performance was
measured using the SGLang framework, which was
specifically optimized for the LLaDA architecture.

A.7.3 Results Overview
Table 10 summarizes the performance across
multiple benchmarks. We report the Accuracy
(ACC), Average Finalization Parallelism (AFP)—a
hardware-agnostic speed metric—and Tokens Per
Second (TPS).

A.7.4 Experimental Analysis
The empirical data reveals three distinct operational
regimes for the editing-enhanced MDLM:

a) Quality-Priority Mode: Utilizing high
thresholds (𝑚2𝑡 = 0.8, 𝑡2𝑡 = 0.3) in For-
ward=2 mode yields an average score of 73.27,
significantly outperforming the baseline. This
confirms that multi-pass refinement can re-
cover information loss, albeit at the expense
of lower AFP and inference speed.

b) Balanced Mode: With moderate thresholds
(𝑚2𝑡 = 0.5, 𝑡2𝑡 = 0.3) and Forward=1 execu-
tion, the model maintains superior accuracy
(72.60) compared to the baseline while pre-
serving near-identical speed (AFP ≈ 3.20).

c) Speed-Priority Mode: By relaxing thresh-
olds (𝑚2𝑡 = 0.5, 𝑡2𝑡 = 0), the model achieves
nearly double the throughput of the baseline
in terms of both AFP (6.03 vs. 3.34) and TPS
(e.g., 1302.0 vs. 589.8 on CruO).

A.7.5 Theoretical Alignment
These results provide preliminary validation for the
editing theory proposed in Section 6 and Appendix
A.8. Our editing approach effectively compensates
for the local causal probability loss in parallel de-
coding discussed in Section 4.3 through iterative
correction. Furthermore, our experiments demon-
strate that the integration of editing capabilities
can enhance parallelism and significantly increase
decoding throughput.
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A.8 Editing Potential: Theory and Proof
A.8.1 Parallel Factorization Induces a Local Dependency Gap
Let y = (𝑦1, . . . , 𝑦𝐿) ∈ V𝐿 be a length-𝐿 sequence and x be the input context. Let 𝑃∗(y | x) denote the
(unknown) data distribution. In one-step parallel decoding (or one denoising/editing step in a masked
diffusion language model), a common modeling choice is to predict a set of tokens 𝑆 ⊆ [𝐿] in parallel
under a conditional independence assumption:

𝑄 𝜃 (y𝑆 | x, c) =
∏
𝑖∈𝑆

𝑞𝜃 (𝑦𝑖 | x, c), (8)

where c denotes the available conditioning signal in that step (e.g., a partially noised sequence or a previous
iterate in an iterative editing procedure).

The following lemma formalizes the local dependency gap introduced by the parallel factorization
in (8).
Definition 1 (Conditional Total Correlation). Given a random vector Y𝑆 = {𝑌𝑖}𝑖∈𝑆 and conditioning
variables (X,C), the conditional total correlation is

TC(Y𝑆 | X,C) =
∑︁
𝑖∈𝑆

𝐻 (𝑌𝑖 | X,C) − 𝐻 (Y𝑆 | X,C), (9)

which is nonnegative and equals 0 iff {𝑌𝑖}𝑖∈𝑆 are conditionally independent given (X,C).
Lemma A.1 (Factorization Gap Decomposition). Fix any conditioning pair (x, c) and any index set
𝑆 ⊆ [𝐿]. Let 𝑃∗(y𝑆 | x, c) be the true conditional distribution of the tokens in 𝑆. For any product-form
approximation

∏
𝑖∈𝑆 𝑞𝜃 (𝑦𝑖 | x, c), we have the exact decomposition

KL

(
𝑃∗(Y𝑆 | x, c)





 ∏
𝑖∈𝑆

𝑞𝜃 (𝑌𝑖 | x, c)
)

(10)

= TC(Y𝑆 | x, c)︸           ︷︷           ︸
dependency discarded by factorization

+
∑︁
𝑖∈𝑆

KL
(
𝑃∗(𝑌𝑖 | x, c)



 𝑞𝜃 (𝑌𝑖 | x, c)
)

︸                                         ︷︷                                         ︸
marginal/conditional modeling error

.

Consequently,

KL

(
𝑃∗(Y𝑆 | x, c)





 ∏
𝑖∈𝑆

𝑞𝜃 (𝑌𝑖 | x, c)
)

≥ TC(Y𝑆 | x, c). (11)

Proof. Write 𝑃∗
𝑖
(𝑦𝑖) ≜ 𝑃∗(𝑦𝑖 | x, c) and 𝑞𝑖 (𝑦𝑖) ≜ 𝑞𝜃 (𝑦𝑖 | x, c) for brevity. Add and subtract

log
∏
𝑖∈𝑆 𝑃

∗
𝑖
(𝑌𝑖) inside the KL:

KL

(
𝑃∗(Y𝑆)



 ∏
𝑖

𝑞𝑖

)
= E𝑃∗

[
log

𝑃∗(Y𝑆)∏
𝑖 𝑞𝑖 (𝑌𝑖)

]
= E𝑃∗

[
log

𝑃∗(Y𝑆)∏
𝑖 𝑃

∗
𝑖
(𝑌𝑖)

]
+ E𝑃∗

[
log

∏
𝑖 𝑃

∗
𝑖
(𝑌𝑖)∏

𝑖 𝑞𝑖 (𝑌𝑖)

]
= KL

(
𝑃∗(Y𝑆)



 ∏
𝑖

𝑃∗
𝑖

)
+

∑︁
𝑖

KL
(
𝑃∗
𝑖 ∥ 𝑞𝑖

)
.

The first term equals the conditional total correlation TC(Y𝑆 | x, c) by expanding entropies in (9),
yielding (10). Nonnegativity of KL gives (11). □

Interpretation. Lemma A.1 makes precise what is “lost” in a single parallel step: even if each per-token
predictor 𝑞𝜃 (· | x, c) matches the correct marginal 𝑃∗(· | x, c), the product form in (8) still incurs an
irreducible error equal to the conditional total correlation, i.e., the local dependency information among
tokens in 𝑆 under the same condition.
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A.8.2 Masked Diffusion Decoding as a Thresholded Editing Markov Chain
We now formalize the inference mechanism of a masked diffusion language model (MDLM) as an iterative
editing process. At each round, the model predicts a distribution at every position and computes a
confidence score. A threshold rule selects a subset of positions to (re-)edit; positions not selected remain
unchanged.

Per-position confidence and edit set. Let Y(𝑘 ) ∈ V𝐿 denote the current iterate at round 𝑘 . Given
(Y(𝑘 ) , x), the model outputs per-site distributions 𝑞𝜃 (· | Y(𝑘 ) , x). Define confidence at position 𝑖 by (one
common choice)

𝑠𝑖 (y, x) ≜ max
𝑣∈V

𝑞𝜃 (𝑣 | y, x), (12)

and the (re-)editing set induced by an editing threshold 𝜏 ∈ (0, 1) as

𝑆𝜏 (y, x) ≜ {𝑖 ∈ [𝐿] : 𝑠𝑖 (y, x) ≥ 𝜏} . (13)

This matches the practical rule: each round computes all confidences and re-edits tokens whose confidence
passes the threshold; all other tokens keep their previous values.

Thresholded editing kernel. We define the MDLM iterative decoding chain via the transition kernel

K𝜃,𝜏 (y′ | y, x) =
∏

𝑖∈𝑆𝜏 (y,x)
𝑞𝜃 (𝑦′𝑖 | y, x) ·

∏
𝑖∉𝑆𝜏 (y,x)

I[𝑦′𝑖 = 𝑦𝑖] . (14)

Within one transition, updated coordinates are conditionally independent given (y, x), but dependence can
emerge across iterations because each site conditions on the entire previous sequence y, and the edited set
𝑆𝜏 (y, x) itself depends on y. Hence iterative editing trades “intra-step” coupling (not modeled within the
product) for “inter-step” coupling induced by global conditioning and state-dependent edit selection.

A.8.3 Contraction and Convergence (Dobrushin Condition for Thresholded Editing)
We analyze convergence via a Dobrushin-type influence bound adapted to the state-dependent (thresholded)
update rule.

For 𝑖 ≠ 𝑗 , define the worst-case influence coefficient

𝐴𝑖 𝑗 = sup
y,ỹ: y\ 𝑗=ỹ\ 𝑗

∥𝜇𝑖 (· | y, x) − 𝜇𝑖 (· | ỹ, x)∥TV , (15)

where 𝜇𝑖 (· | y, x) is the one-step marginal update law at site 𝑖 induced by (14):

𝜇𝑖 (· | y, x) =
{
𝑞𝜃 (· | y, x), 𝑖 ∈ 𝑆𝜏 (y, x),
𝛿𝑦𝑖 (·), 𝑖 ∉ 𝑆𝜏 (y, x).

(16)

Assumption 1 (Dobrushin Uniqueness / Weak Dependence). Let

𝛼 ≜ max
𝑖∈[𝐿 ]

∑︁
𝑗≠𝑖

𝐴𝑖 𝑗 < 1. (17)

Theorem A.2 (Geometric Mixing of Thresholded Editing). Assume Assumption 1 holds. Then the Markov
operator induced by K𝜃,𝜏 is a contraction in total variation and the chain admits a unique stationary
distribution 𝑄∞

𝜃,𝜏
(· | x). Moreover, for any initial distribution 𝑄 (0) over V𝐿 , if 𝑄 (𝑘 ) denotes the law of

Y(𝑘 ) given x, then


𝑄 (𝑘 ) (· | x) −𝑄∞
𝜃,𝜏 (· | x)





TV

≤ 𝛼𝑘



𝑄 (0) (· | x) −𝑄∞

𝜃,𝜏 (· | x)





TV
. (18)

Proof sketch. By definition of 𝐴𝑖 𝑗 , changing coordinate 𝑗 in the conditioning sequence (while holding all
other coordinates fixed) can affect the next-step marginal law at coordinate 𝑖 by at most 𝐴𝑖 𝑗 in total variation,
where the marginal law 𝜇𝑖 already accounts for both effects: whether 𝑖 is updated (via the thresholded set
𝑆𝜏) and, if updated, how its predictive distribution changes. A standard Dobrushin coupling argument
then yields a contraction of the joint transition in TV with coefficient at most 𝛼. Contraction implies
existence and uniqueness of a stationary distribution and geometric convergence to it, proving (18). □
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A.8.4 When Does Editing Recover the Discarded Dependencies?
Theorem A.2 guarantees convergence to a unique stationary distribution 𝑄∞

𝜃,𝜏
, but does not claim

𝑄∞
𝜃,𝜏

= 𝑃∗. We now clarify what “dependency recovery” means in the MDLM setting.

Mechanism-level statement (non-factorized stationarity). A single parallel factorized step necessarily
discards the dependency term TC(Y𝑆 | x, c) (Lemma A.1). In contrast, the stationary distribution induced
by repeated thresholded editing can be non-factorized: because each per-site predictor conditions on the
full previous iterate y and because the edited set 𝑆𝜏 (y, x) depends on y, the long-run joint law 𝑄∞

𝜃,𝜏
(· | x)

can exhibit nonzero multi-token dependence (and hence nonzero total correlation on subsets). This
provides the theoretical basis for “editing potential”: dependencies discarded within one parallel step can
be expressed across iterations via inter-step coupling.

Optional: sufficient conditions for exact recovery (strong compatibility). If one wants a formal
guarantee that 𝑄∞

𝜃,𝜏
= 𝑃∗, one needs compatibility conditions stronger than “per-site conditionals match”

because the kernel (14) performs a state-dependent block update with a product-form proposal.
One sufficient (but strong) condition is that for every state y and its edited set 𝑆 = 𝑆𝜏 (y, x), the product

of model conditionals equals the true block conditional:
Assumption 2 (Block-conditional realizability (strong)). For all y and 𝑆 = 𝑆𝜏 (y, x),∏

𝑖∈𝑆
𝑞𝜃 (𝑦𝑖 | y, x) = 𝑃∗(y𝑆 | y\𝑆 , x). (19)

Under Assumption 2, one can show 𝑃∗(· | x) is invariant for K𝜃,𝜏 , and thus (by uniqueness from
Theorem A.2) 𝑄∞

𝜃,𝜏
= 𝑃∗. We state this as a corollary.

Corollary A.3 (Exact recovery under strong block-conditional realizability). Assume Assumption 1 and
Assumption 2 hold. Then 𝑃∗(· | x) is invariant for K𝜃,𝜏 and

𝑄∞
𝜃,𝜏 (· | x) = 𝑃∗(· | x). (20)

Proof sketch. Fix any y and let 𝑆 = 𝑆𝜏 (y, x). By (14), Y′
\𝑆 = y\𝑆 deterministically and Y′

𝑆
is sampled

from
∏
𝑖∈𝑆 𝑞𝜃 (· | y, x). Under Assumption 2, this equals sampling from the true block conditional

𝑃∗(Y𝑆 | Y\𝑆 = y\𝑆 , x). Therefore, for Y ∼ 𝑃∗(· | x), the one-step update preserves the law: Y′ ∼ 𝑃∗(· | x),
i.e., 𝑃∗ is invariant. Uniqueness of the stationary distribution under Assumption 1 then implies
𝑄∞
𝜃,𝜏

= 𝑃∗. □

Takeaway for “editing potential”. Lemma A.1 shows a one-shot parallel step inevitably drops the
conditional dependency term TC unless the model represents joint coupling within the step. MDLM-style
iterative thresholded editing instead repeatedly conditions on the entire previous iterate and selectively
updates only confident positions, inducing an inter-step coupling mechanism. Under weak-dependence
conditions (Assumption 1), the process converges geometrically to a unique stationary distribution
(Theorem A.2), which in general is non-factorized and can therefore express cross-token dependencies.
Exact recovery of 𝑃∗ additionally requires strong block-conditional compatibility (Corollary A.3).

A.8.5 Parallelism–Editing Trade-off and No-Slowdown Condition
We now connect iterative editing to computational throughput. Let 𝑚 denote the number of sequential
decoding stages (or blocks) needed by an architecture to produce a length-𝐿 output. For an autoregressive
decoder, 𝑚 = 𝐿; for a 𝐵-block non-autoregressive/partially-parallel decoder, 𝑚 = 𝐵; for one-step parallel
decoding, 𝑚 = 1. We refer to 𝐿/𝑚 as an effective parallelism level.

Runtime model. Let 𝑇step(𝑚) be the wall-clock time of one stage (one forward pass for that stage). We
assume the natural monotonicity:
Assumption 3 (Per-stage cost does not increase with parallelism). 𝑇step(𝑚) is nonincreasing in 𝑚, i.e.,
fewer sequential stages (higher parallelism) does not make each stage slower:

𝑚1 ≤ 𝑚2 ⇒ 𝑇step(𝑚1) ≤ 𝑇step(𝑚2). (21)
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Editing complexity. Consider the thresholded editing chain with kernel K𝜃,𝜏 in (14). Given a target
accuracy 𝛿 > 0 in total variation to the stationary distribution, define the mixing time

𝐾 (𝛿) ≜ min
{
𝑘 : sup

𝑄 (0)
∥𝑄 (𝑘 ) (·|x) −𝑄∞

𝜃,𝜏 (·|x)∥TV ≤ 𝛿
}
. (22)

By Theorem A.2, under Assumption 1,

𝐾 (𝛿) ≤

log

(
sup𝑄 (0) ∥𝑄 (0) −𝑄∞

𝜃,𝜏
∥TV/𝛿

)
log(1/𝛼−1)

 = 𝑂

(
log(1/𝛿)

1 − 𝛼

)
. (23)

End-to-end runtime. Define the total runtime of producing one sample with editing as

𝑇edit(𝛿;𝑚) ≜ 𝐾 (𝛿;𝑚) 𝑇step(𝑚), (24)

where 𝐾 (𝛿;𝑚) allows the contraction coefficient 𝛼 (hence mixing) to depend on the degree of factoriza-
tion/parallelism 𝑚 and on the thresholding policy (which affects the update/freeze pattern).

We compare against a baseline architecture with sequential stages 𝑚0 and no editing (𝐾 ≡ 1), runtime

𝑇base ≜ 𝑚0 𝑇step(𝑚0). (25)

Theorem A.4 (No-slowdown condition). Assume Assumption 3 and Dobrushin contraction with coefficient
𝛼(𝑚) < 1 for the thresholded editing kernel at parallelism level𝑚. Then achieving TV error 𝛿 to stationarity
costs

𝑇edit(𝛿;𝑚) ≤ 𝑇step(𝑚) · 𝑂
(

log(1/𝛿)
1 − 𝛼(𝑚)

)
. (26)

In particular, iterative editing with higher parallelism 𝑚 < 𝑚0 is not slower than the baseline whenever

log(1/𝛿)
1 − 𝛼(𝑚) 𝑇step(𝑚) ≤ 𝑚0 𝑇step(𝑚0). (27)

Proof. The mixing-time bound follows directly from (18) by solving for the smallest 𝑘 such that
𝛼(𝑚)𝑘 ≤ 𝛿/sup𝑄 (0) ∥𝑄 (0) −𝑄∞

𝜃,𝜏
∥TV. Multiplying by the per-step time yields the runtime upper bound.

Condition (27) is immediate by comparison with 𝑇base. □

Interpretation. Equation (27) makes explicit the trade-off: higher parallelism reduces 𝑇step(𝑚), while
potentially increasing the dependence strength (worsening 𝛼(𝑚)) and thus increasing the number of editing
rounds. As long as the deterioration in (1 − 𝛼(𝑚))−1 is dominated by the gain in per-step throughput,
the edited highly-parallel model matches or exceeds the baseline speed. Moreover, since 𝐾 (𝛿) grows
only logarithmically in 1/𝛿 under geometric contraction, modest numbers of editing rounds can suffice in
practice.
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