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Abstract

Discrete Diffusion Language Models have
emerged as a compelling paradigm for unified
multimodal generation, yet their deployment
is hindered by high inference latency arising
from iterative decoding. Existing acceleration
strategies often require expensive re-training or
fail to leverage the 2D spatial redundancy inher-
ent in visual data. To address this, we propose
Locality-Aware Dynamic Rescue (LADR), a
training-free method that expedites inference
by exploiting the spatial Markov property of im-
ages. LADR prioritizes the recovery of tokens
at the “generation frontier”, regions spatially
adjacent to observed pixels, thereby maximiz-
ing information gain. Specifically, our method
integrates morphological neighbor identifica-
tion to locate candidate tokens, employs a risk-
bounded filtering mechanism to prevent error
propagation, and utilizes manifold-consistent
inverse scheduling to align the diffusion trajec-
tory with the accelerated mask density. Exten-
sive experiments on four text-to-image genera-
tion benchmarks demonstrate that our LADR
achieves an approximate 4 x speedup over stan-
dard baselines. Remarkably, it maintains or
even enhances generative fidelity, particularly
in spatial reasoning tasks, offering a state-of-
the-art trade-off between efficiency and quality.

1 Introduction

The field of generative modeling has witnessed a
paradigm shift with the rapid evolution of Discrete
Diffusion Language Models (DLMs) (Sahoo et al.,
2024; Nie et al., 2025; Xin et al., 2025). Unlike
Autoregressive (AR) models (Radford et al., 2018;
Touvron et al., 2023; Achiam et al., 2023) that gen-
erate sequences strictly left-to-right, or Continuous
Diffusion Models (Ho et al., 2020; Rombach et al.,
2022; Liu et al., 2023) that operate in continuous la-
tent or pixel space, DLMs formulate generation as
a bidirectional masked modeling task within a dis-
cretized vector-quantized (VQ) latent space. This
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Figure 1: Comparison between Standard Parallel De-
coding and our LADR method. While standard parallel
decoding follows a fixed schedule, LADR accelerates
decoding by exploiting spatial locality to dynamically
recover neighbor tokens and keeps generation quality.

paradigm not only enables flexible, non-sequential
generation orders but also facilitates unified multi-
modal understanding and generation within a single
framework (Li et al., 2025b; You et al., 2025). By
treating visual patches as discrete tokens akin to
text, DLMs have achieved impressive scalability
and fidelity, emerging as a powerful competitor to
traditional paradigms.

However, the iterative nature of DLMs imposes
a severe bottleneck on inference efficiency. High-
fidelity generation typically requires 50 to 100 for-
ward passes to progressively refine the noisy se-
quence. Unlike AR models that benefit from KV-
caching mechanisms to reuse historical computa-
tions, masked diffusion models must re-calculate
bidirectional attention interactions at every step.
While acceleration techniques exist, they often
fall short in practicality: distillation-based meth-
ods (Zhu et al., 2025a,b) require computationally
expensive re-training and student-teacher align-
ment, limiting their flexibility. On the other hand,
heuristic strategies borrowed from textual Masked
Language Models (MLMs) (Li et al., 2025a; Ye
et al., 2025) often fail to generalize to the visual do-
main, as they overlook the fundamental difference
between 1D textual dependencies and 2D visual
structures.

Our work addresses this inefficiency by exploit-



ing a property intrinsic to images but largely ig-
nored in standard parallel decoding: Spatial Lo-
cality. As illustrated in Fig. 1, standard decoding
schedules (Chang et al., 2022; You et al., 2025)
(e.g., Cosine) assume isotropic uncertainty reduc-
tion, treating all masked tokens as independent vari-
ables. In contrast, we observe that images exhibit a
strong spatial Markov property, the uncertainty of
a pixel is significantly reduced if its immediate spa-
tial neighbors are known. Based on this insight, we
hypothesize that the most efficient decoding path
is not random, but topological. By prioritizing the
“generation frontier”, the unmasked tokens spatially
adjacent to observed regions, we can accelerate the
transition from noise to structure.

To materialize this insight, we propose Locality-
Aware Dynamic Rescue (LADR), a training-free
acceleration method tailored for discrete visual
generation. LADR dynamically modifies the de-
coding trajectory through three coupled mecha-
nisms. First, it employs morphological operations
to identify the topological neighbors of the cur-
rent generation frontier. Second, to prevent the
“hallucination” risks associated with aggressive ac-
celeration, we introduce a risk-bounded filtering
mechanism derived from the confidence gap of the
model’s posterior. Finally, to address the distri-
bution shift caused by rapid mask reduction, we
devise a Manifold-Consistent Inverse Scheduling
strategy that re-aligns the diffusion timesteps with
the actual mask density, ensuring the denoiser op-
erates within its trained support.

We extensively validate LADR on multiple com-
prehensive benchmarks, including GenEval (Ghosh
et al, 2023), UniGenBench (Wang et al.,
2025b), DPG-Bench (Hu et al., 2024), and T2I-
CompBench (Huang et al., 2023). Experimental
results demonstrate that LADR significantly outper-
forms standard sampling and existing acceleration
baselines. Notably, our method achieves an approx-
imate 4x speedup (reducing inference time from
~57s to ~13s) without compromising generative
quality. In tasks requiring spatial reasoning (e.g.,
object positioning and counting), LADR even sur-
passes the baseline performance, suggesting that
enforcing spatial contiguity during decoding acts
as a beneficial inductive bias.

In summary, our contributions are as follows:

* We identify spatial locality as a critical but un-
derutilized source of information gain in discrete
diffusion, theoretically showing that topology-

aware decoding minimizes conditional entropy
more effectively than random selection.

* We propose LADR, a plug-and-play acceleration
method that integrates morphological neighbor
identification, theoretically grounded risk filter-
ing, and inverse scheduling to safely expedite
inference without re-training.

* We achieve state-of-the-art efficiency-quality
trade-offs on widely adopted benchmarks,
demonstrating that LADR can accelerate large-
scale multimodal DLMs by 4x while maintain-
ing robust semantic alignment and visual fidelity.

2 Related Work

Discrete Diffusion Language Models (DLMs) cast
image generation as iterative masked token recov-
ery in a discretized VQ space, enabling parallel
decoding and substantially fewer sampling steps
than continuous diffusion (Sahoo et al., 2024; Nie
et al., 2025; Song et al., 2025; Arriola et al., 2025;
Ho et al., 2020; Rombach et al., 2022). Initiated by
MaskGIT (Chang et al., 2022), this framework has
been extended by Paella (Rampas et al., 2022) and
Muse (Chang et al., 2023) to improve robustness
and semantic control, and more recently general-
ized to unified multimodal generation by modeling
visual and textual tokens as a single sequence (You
et al., 2025; Swerdlow et al., 2025; Xin et al., 2025;
Li et al., 2025b). Despite these advances, masked
discrete diffusion remains latency-bound due to its
reliance on iterative refinement with bidirectional
attention and dynamically changing masks, which
precludes computation reuse and contrasts sharply
with KV-cached autoregressive decoding (Li et al.,
2024; Bai et al., 2023; Guo et al., 2025; Cai et al.,
2024). Distillation-based acceleration methods
compress multi-step diffusion trajectories (Hinton,
2014; Song et al., 2023; Deschenaux and Gulcehre,
2025), but adapting consistency-style objectives
to discrete VQ spaces is non-trivial and typically
requires expensive retraining or relaxation tech-
niques (Zhu et al., 2025a,b). In parallel, training-
free acceleration heuristics have shown promise
in text diffusion and sequence models (Wu et al.,
2025a; Hu et al., 2025; Wu et al., 2025b; Wang
et al., 2025a; Li et al., 2025a; Israel et al., 2025),
yet their direct transfer to image generation remains
limited, as they fail to explicitly exploit the strong
2D spatial locality inherent in visual tokens. The
extended version can be found in Appendix B.
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Figure 2: Overview of the LADR method. At each timestep, the flattened discrete tokens were reshaped into a
2D grid to identify candidate neighbors adjacent to resolved regions. These candidates are evaluated using the
Confidence Margin (confidence topl-top2 gap) and are dynamically "rescued" (unmasked) based on an adaptive
rescue ratio « and threshold . To synchronize the generation timeline with this accelerated accumulation of tokens,
the Trajectory Re-alignment module utilizes an inverse cosine function to re-calculate the effective timestep o,
allowing the scheduler to skip redundant iterations while maintaining consistency.

3 Methodology

As illustrated in Fig. 2, we proposed Locality-
Aware Dynamic Rescue (LADR), a method de-
signed to accelerate Discrete Diffusion Language
Models (DLMs) while preserving generation qual-
ity. Our approach is grounded in the observation
that standard parallel decoding typically treats to-
kens as independent variables given the global con-
text. However, image representations derived from
convolutional encoders inherently exhibit strong
spatial locality. In this section, we first formalize
the generation process and then provide the theoret-
ical motivation grounded in information theory and
risk estimation to drive our three algorithmic com-
ponents: morphological neighbor identification,
risk-bounded filtering, and manifold-consistent in-
verse scheduling.

3.1 Preliminaries: Discrete Diffusion and
Variational Bounds

Letzg = [21,...,2N] € yN represent a discrete
image sequence flattened from a H x W feature
map, where each token belongs to a codebook V.
The discrete diffusion process is a forward Markov
chain ¢(z|z;—1) that progressively corrupts zg by
replacing tokens with a special [MASK] token. The

marginal distribution at time ¢ € [0, 1] is given by:

N
q(z¢|zo) = HQ(Zt,i|ZO,i)>
i=1
where q(z,; = [M|z0,:) = (1), ey

where () is a monotonic masking schedule (e.g.,
cosine) representing the probability of a token be-
ing masked. The reverse process pg(zo|z:) approx-
imates the true posterior ¢(zg|z;). The training ob-
jective is to minimize the negative Evidence Lower
Bound (ELBO), which simplifies to the negative
log-likelihood over masked regions M;:

LBy = Y logpo(2ilzo,)|, ()

1EM;y

where O, denotes the set of observed indices. Dur-
ing inference, iterative decoding approximates the
joint distribution via conditional independence as-
sumption: pg(zo|z:) ~ [[;cpq, Po(2il2o,). Stan-
dard acceleration methods strictly follow ~(t), dis-
carding potentially correct predictions in early
stages.

3.2 Theoretical Motivation

Instead of relying on heuristic acceleration, we for-
mulate LADR by analyzing the entropy reduction
and risk bounds within the discrete latent space.



3.2.1 Entropy Reduction via Local
Information Gain

Standard decoding assumes isotropic uncertainty
reduction. However, since discrete image tokens
z are typically obtained via CNN-based encoders
(e.g., VQGAN), the dependency between tokens
decays with spatial distance due to bounded Ef-
fective Receptive Fields (ERFs). We quantify the
uncertainty of a masked token z; using Conditional
Entropy H(z;|zp). The reduction in uncertainty
gained by observing an auxiliary set S is quantified
by the Conditional Mutual Information:

I(z;;25|20) = H(zi|zo0) — H(zi|2z0,2s). (3)

Definition 1 (Generation Frontier). Given a binary
mask M, the generation frontier F is defined as
the set of masked tokens spatially adjacent to cur-
rently observed tokens: F = {i | m; = 1A Jj €
N(i),m; = 0}, where N (i) is the local spatial
neighborhood.

Proposition 1 (Locality-Driven Information Lower
Bound). Given the spatial inductive bias of the
encoder, the mutual information between a token z;
and its immediate neighborhood N (i) dominates
that of distant context Sg;s. Formally:

I(ziszn ) |20) > (21325, |20).  (4)

Remark. This proposition provides the theoreti-
cal justification for our Morphological Neighbor
Identification strategy: by prioritizing the gener-
ation frontier 7, LADR maximizes the expected
information gain per decoding step, guiding sam-
pling along the local structure of the latent mani-
fold. This locality assumption is also empirically
illustrated in Fig. 3, where perturbing a small num-
ber of VQ tokens induces only spatially confined
changes in the decoded image, while the global
structure remains largely intact.

3.2.2 Safety Guarantee via Margin Bounds

Accelerating generation involves “rescuing” tokens
before their scheduled timestamp. To control the
quality, we must bound the probability of mis-
classification. We employ the Confidence Gap,
A; = p(1) — p(2)> Where p(1) and p(g) are the top-1
and top-2 probabilities.

Theorem 1 (Margin-based Error Bound). Consider
a classification task over K classes. If the pre-
dicted distribution satisfies a confidence margin
A > 1, the probability of error P(E) is strictly

Figure 3: Visualization of localized semantic changes
caused by perturbing a small set of VQ tokens. The
impact remains spatially confined, supporting the local-
ity assumption that nearby tokens dominate information
gain.

upper bounded. Specifically, in the worst-case dis-
tribution scenario:

P(5)§1(1+7). 5)

2

Proof. See Appendix A.1.

Remark. This theorem provides a controllable
mechanism. By enforcing a dynamic threshold
7(t), we can theoretically bound the error rate of
our acceleration module, ensuring that the rescued
tokens satisfy a minimum reliability standard.

3.2.3 Manifold Consistency via Inverse
Scheduling

A critical challenge in acceleration is the Training-
Inference Mismatch. Aggressive rescue reduces
the mask ratio p,. faster than the scheduler
~(t) expects, potentially pushing the state out-of-
distribution (OOD).

Proposition 2 (Manifold Consistency Condition).
To ensure the input state remains within the support
of the trained diffusion manifold, the conditioning
timestep t must be re-aligned such that the expected
mask density matches the actual observation den-

Sity:

thew = 7_1<pact) s.L. E[p(tnew)] ~ Pact- (6)

Remark. This necessitates our Inverse Schedul-
ing technique, which acts as a temporal projection
operator to correct the trajectory after aggressive
rescue operations.

3.3 The LADR Method

Guided by the theoretical motivations above,
LADR dynamically updates the mask tokens M
at each timestep ¢ through three coupled steps.



3.3.1 Morphological Neighbor Identification

Leveraging Proposition 1, we aim to identify the
frontier /. We map the 1D mask sequence to the
2D spatial grid ® : {0, 1}V — {0, 1}*W Using
a spatial kernel K (e.g., 3 x 3), the candidate neigh-
bors C; are identified via morphological dilation:

Mgrid = (I)(Mt)7 (7)
Miontier = Mgrid A (_‘Mgrid 2] K)v (8)
Ct = {Z | (I)il(Mfrontier)[i] = 1}- (9)

This explicitly selects masked tokens that share
spatial connectivity with observed regions.

3.3.2 Phase-Aware Dynamic Filtering

For every candidate ¢ € C;, we compute the confi-
dence gap A;. Guided by Theorem 1, we employ
a dynamic policy II(t) = (a4, ;) that adapts to
the entropy of the generation phase defined by the
effective timestep tqys:

* Exploration Phase (¢, < 0.2): Global entropy
is high. We apply a strict threshold 7 = 0.05 and
limit the rescue ratio o = 0.1 to prevent error
propagation.

¢ Structure Phase (0.2 < t.;r < 0.7): As seman-
tics emerge, we relax constraints (7 = 0.05, « =
0.3).

* Refinement Phase (t.;; > 0.7): We aggres-
sively rescue neighbors (7 = (), a = 1.0) to fill
texture details.

The set of rescued tokens R; is:

R =TopKpa ({7 € Ct | Ai > 7}, [|Ce] - an]) -
(10)

3.3.3 Trajectory Re-alignment

After unmasking R, the sequence sparsity de-
creases to ppew. Crucially, continuing with the
original schedule ¢ would violate the manifold con-
sistency (Proposition 2). We thus re-calculate the
next sampling step ¢4+ using the inverse schedule:

_ 1
tnest = Clamp <’Y 1(pnew) + T; 07 1> . (11)

This adjustment ensures that the noise level esti-
mates remain accurate, effectively “skipping” re-
dundant diffusion steps. The complete procedure
is summarized in Algorithm 1.

Algorithm 1 Locality-Aware Dynamic Rescue (LADR)

Require: Pre-trained DLM py, Scheduler ~(+), Steps T
Ensure: Discrete tokens z

1: Initialize: z < [MASK]™, M « 1V

2: Ntotal «~ N

3: for step =0toT — 1 do

4 if >~ M = 0 then

5 break
6: end if
7.
8

{Step 1: Inverse Scheduling (Prop. 1)}
. Pcurr <~ ( M)/Ntotal

9: tesf < ¥ (peurr) // Align time with mask density
10:  tpewt ¢ clamp(ters +1/T,0,1)

11: Nmask < | Ntotal - Y(tnest)]  // Target mask count
12: {Step 2: Parallel Prediction}

13: L+ po(z,tnewt)

14: P < Softmax(L)

15:  Zpreqd + Sampling(P)

16: A + Topl(P) — Top2(P)

17: {Step 3: Standard Selection (Global)}

18:  Z,ank < Argsort(Topl(P) - M, descending)

19:  Mgg < 1V
20: Mstd[Irank [nmask

confident

21: {Step 4: Neighbor Rescue (Lemma 1 & Thm 1)}
22: Myriq < Reshape(Mgiq, H, W)
23: Mfront < Mgia N Flatten(—\Mgm;d D K3><3)
24 Cheigh {Z | M front M = 1}
25:  if |Creign| > O then

: N]] « 0 // Unmask most

26: Get o, 7 based on t.ss (Sec 3.3.2)

27: Coalid {Z € Creigh | A[Z] > T}

28: kr'es — min(ucneigh‘ : Od7 |C'uu.l7,'d|)

29: Sres < Argsort(A[Cyarida], descending)[0 : kyes]
30: M;1a[Sres] < 0

31: end if

32: {Step 5: State Update}

33: M +— Mg

340 Z 4 Zprea © (1 — M) + [MASK] O M
35: end for

36: return z

4 Experiments

4.1 Experimental setup

Benchmarks and Baselines. To strictly evalu-
ate the effectiveness of our method on both infer-
ence efficiency and visual fidelity, we conducted
evaluations across four publicly popular text-to-
image generation benchmarks: GenEval (Ghosh
et al., 2023), UniGen-Bench (Wang et al,
2025b), DPG-Bench (Hu et al., 2024), and T2I-
CompBench (Huang et al., 2023). These bench-
marks provide a comprehensive assessment span-
ning from basic object semantics to complex com-
positional generation. Furthermore, to ensure a fair
and focused evaluation, we compared our method
against two representative training-free accelera-
tion method: (1) ML-Cache (Xin et al., 2025),
the native caching optimization strategy embed-
ded in the Lumina-DiMOO backbone; and (2)
Prophet (Li et al., 2025a), a heuristic-based ac-



celerated decoding method originally designed for
text generation, which we adapted to the visual do-
main to investigate the cross-modal applicability of
textual heuristics.

Implementation Details. For a fair and contro-
lable comparison, we adopt the unified multimodal
model Lumina-DiMOO (Xin et al., 2025) as the
foundational DLM backbone for all experiments
since comparable open-source models are limited.
The generated image resolution is 1024 x 1024.
To ensure a consistent evaluation of inference la-
tency, all models and baselines were executed lo-
cally on a single NVIDIA A100 (80GB) GPU. We
adhered to the standard inference configurations
of the backbone model, reporting the performance
following the evaluation scripts of each benchmark.
Notably, for the UniGen-Bench, we used the ver-
sion of their released scripts about the open-source
vision-language model Qwen2.5-VL-72B (Team,
2025) to evaluate. Follow Prophet (Li et al., 2025a),
we divided the parallel decoding process into three
phases, and set phase-aware thresholds to regu-
late the rescued neighbors in the decoding process.
Much like it established a proof-of-concept for
heuristic-based acceleration in text decoding, our
work aims to pioneer a similar trajectory for visual
decoding. Consequently, we did not perform an
exhaustive grid search to obtain these parameters
for each specific dataset.

4.2 Main Results

We empirically investigated the effectiveness of
our proposed accelerated method LADR by an-
swering two critical research questions: (1) Does
the method deliver substantial speedups compared
to existing caching and heuristic strategies? (2)
Can it maintain or even enhance generative fidelity
in some scenarios?

Decoding Efficiency Analysis. The primary mo-
tivation of our approach is to alleviate the compu-
tational bottleneck of parallel iterative decoding.
As presented in Tables 1 through 4, our method
demonstrates a dramatic reduction in inference la-
tency across all benchmarks. On average, our accel-
erated model completes inference in approximately
~13-14 seconds, representing a 4 x speedup over
the No-Cache (~57s) and a 2x speedup over the
optimized ML-Cache and Prophet (~32s). Notably,
our method outperforms the text-optimized Prophet
algorithm, confirming that our locality-aware res-
cue strategy is inherently more suitable for the 2D
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Figure 4: Qualitative comparison of different methods
in terms of generation fidelity and inference time, where
the corresponding text prompt is provided below each
row, with the inference latency displayed in parentheses
under the image.

visual domain than heuristics transplanted from 1D
text generation.

Generative Quality Analysis. Beyond effi-
ciency, our results indicate that the significant re-
duction in sampling steps does not come at the
cost of visual fidelity, while it yields a highly com-
petitive performance profile across diverse bench-
marks. Conversely, we note a performance drop in
fine-grained high-frequency tasks, such as the text
rendering score in UniGen-Bench, suggesting that
the model remains sensitive to the reduction of iter-
ative refinement steps in some scenarios. Overall,
the experiment results demonstrate that our method
achieves a superior efficiency-fidelity trade-off, de-
livering efficient decoding speeds while preserving
robust generative capabilities in image generation.

Case Visualization. To intuitively assess the im-
pact of acceleration on perceptual quality, We vi-
sualized some cases generated by our proposed
LADR method alongside the base model and two
training-free baselines. As shown in Figure 4, our
approach achieves a significant speedup (4 x faster
than the backbone) while preserving intricate vi-
sual details (e.g., reflections in the "wooden boats")
and correct semantic composition (e.g., "red cup
and pink handbag"), demonstrating that our spatial-
aware acceleration could maintain the generative
quality of the underlying model.



Method Avg. t (s)) Two Obj. Colors Attribute Single Obj. Position Counting Overall T
Lumina-DiMOO 57.01 93.94 91.49 73.00 97.50 79.00 85.00 86.66
+ ML-Cache 31.95 93.75 89.63 75.50 100.00 84.50 85.94 87.83
+ Prophet 32.15 91.16 86.44 70.75 96.56 74.50 84.06 83.91
+ LADR(Ours) 13.22 91.41 91.22 74.75 99.06 85.50 81.88 87.30
Table 1: Performance comparison on the GenEval (Ghosh et al., 2023).
Method Avg. t(s)] Style Know. Attr. Action Rel. Cmp. Gram. Logic. Lay. Text
Lumina-DiMOO 57.21 91.52 89.87 79.29 7148 7855 7345 69.79 4358 85.63 27.87
+ ML-Cache 31.96 91.40 88.77 79.17 73.67 79.06 74.61 69.65 45.87 83.96 26.15
+ Prophet 32.47 8740 8434 7564 6825 7563 6585 6497 3991 83.02 2557
+ LADR(Ours) 13.94 94.80 88.61 8173 7595 8198 7771 6631 4541 8526 1638
Table 2: Performance comparison on UniGen-Bench (Wang et al., 2025b).
Method Avg.t(s)]  Color Shape  Texture Spatial Non-spatial Complex
Lumina-DiMOO 56.92 81.07 57.02 69.30 46.70 31.70 34.98
+ ML-Cache 31.78 81.52 57.75 70.28 46.79 31.83 35.23
+ Prophet 3243 80.92 55.48 70.34 42.37 31.46 34.92
+ LADR(Ours) 13.41 82.25 58.94 72.34 46.35 31.60 36.19
Table 3: Performance Comparison on T2I-CompBench (Huang et al., 2023).
Setting Avg. t(s) ] Global Entity Attribute Relation Other Overall 1
Lumina-DiMOO 58.16 77.20 90.36 87.93 93.04 82.80 83.61
+ ML-Cache 32.01 81.46 90.37 88.16 93.27 84.40 84.02
+ Prophet 34.63 81.76 89.56 87.33 92.76 83.20 82.91
+ LADR(Ours) 14.52 84.19 91.47 89.12 94.20 81.20 85.42

Table 4: Performance evaluation on DPG-Bench (Hu et al., 2024).

4.3 Ablation Studies and Analysis

Impact of Spatial Selection Strategy. To strictly
validate our hypothesis that spatial locality is the
critical factor for acceleration, we conducted an ab-
lation study on the token selection criteria. Specifi-
cally, we first determined the counts k of rescued
neighbor tokens via LADR at each timestep, and
then enforced this exact budget on two strategies:

* Non-Neighbor Prioritization. This strategy
prioritizes isolated tokens with the top-% con-
fidence gaps, only reverting to neighbors if
the non-neighbor set is exhausted.

* Random Selection. This strategy randomly
sampled from the remask token, no better

neighbor or non-neighbor tokens.

Figure 5 presents the quantitative comparison on
the GenEval benchmark. We observe that the Non-
Neighbor strategy yields the lowest performance
(Overall 84.05), significantly lagging behind our
method (87.30). This confirms that forcing the
model to resolve isolated tokens early—even those
with high confidence gaps—Ieads to error propaga-
tion, as these predictions may lack sufficient spa-
tial grounding. Interestingly, the random strategy
(86.49) outperforms the Non-Neighbor variant but
it is still lagging behind the proposed accelerated
method. This indicates that our Spatial-Aware strat-
egy provides the optimal balance, ensuring that the
accelerated decoding trajectory respects the struc-
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Figure 5: Ablation study of spatial selection strategies
on the GenEval benchmark.“Random” means Random
Selection, “Non-neighbor” represents Non-Neighbor
Prioritization, and “Neighbor (Ours)” is our strategy
that rescues neighbor tokens.

tural dependencies of the image.

Effectiveness of Confidence Margin. Besides
the necessity of spatial locality, we further inves-
tigate the optimality of the ranking metric used to
filter these spatial candidates. To verify whether
the Confidence Margin (Top1-Top2 gap) provides
a superior signal compared to standard confidence
scores, we evaluate distinct prioritization criteria
for selecting the rescued tokens R; in eq (10):

* Standard Confidence (Top-1 Probability).
This variant ranks neighbors solely by the
probability of the most likely token.

* Random Neighbor Selection. This baseline
selects tokens stochastically from the neigh-
borhood C; in eq (9), ignoring predictive cer-
tainty entirely.

Figure 6 reports the performance on the GenEval
benchmark. The results demonstrate that our confi-
dence margin strategy achieves the highest overall
accuracy (87.30), surpassing the standard confi-
dence baseline (85.24). While the standard confi-
dence approach performs strongly in object-centric
metrics like Counting (83.00), it underperforms
in structural categories such as Position (80.25 vs.
85.50) and Attribute (71.25 vs. 74.75). The Ran-
dom neighbor selection yields the lowest overall
performance (83.74). These findings suggest that
the Top1-Top2 gap is a more robust discriminator
to recover tokens. It effectively penalizes ambigu-
ously high predictions, where the model is confi-
dent in the top choice but equally confident in a
competing alternative, thereby preventing the pre-
mature fixation of semantically unstable tokens.

[ Topl-Top2 (Ours)
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85.5 852
. 837
o 530510
802 I

Counting  Overall
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100 99.1
962 968

91.4 91.2
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Evaluation Scores

Figure 6: Ablation study about different ranking
metrics of neighbor tokens on the GenEval bench-
mark.“Random” means Random Neighbor Selection,
“Confidence” denotes Standard Confidence, and “Top1-
Top2 (Ours)” means confidence margin we employed.

5 Conclusion and Future Work

In this paper, we propose an accelerated parallel
decoding strategy called LADR, which is a training-
free method designed to unlock the inference ef-
ficiency of DLMs. By challenging the standard
schedule generation difficulty, LADR exploits the
intrinsic spatial locality of visual data. It dynam-
ically rescues high-confidence tokens within re-
solved neighborhoods using a lightweight confi-
dence margin, employing an inverse scheduling
mechanism to adaptively re-align the generation
timeline. Extensive evaluations across four pub-
licly popular text-to-image generation benchmarks
demonstrate that our method achieves a superior
efficiency-fidelity trade-off. It delivers a signifi-
cant 4x speedup over non-cached baselines and
2x speedup over heuristic-based methods, without
model re-training or architectural modifications.
Our findings underscore that while text-optimized
heuristics provide a foundation, optimal accelera-
tion in the visual domain requires strategies that
explicitly respect the 2D spatial structure of the
modality, paving the way for plug-and-play DLMs.

Future Work. While LADR demonstrates strong
efficiency—quality trade-offs for text-to-image dif-
fusion, several directions remain open for future
exploration. First, extending locality-aware rescue
to temporally structured modalities such as video
generation may require jointly modeling spatial and
temporal frontiers, where locality spans both space
and time. Second, we anticipate that integrating
LADR with emerging architectural optimizations
(e.g., sparse attention or lightweight distillation)
may yield complementary gains, pushing DLMs
closer to real-time multimodal generation.



Limitations

While LADR demonstrates the potential of exploit-
ing image spatial locality for acceleration of par-
allel decoding, our current method still has some
limitations. The implementation relies on empiri-
cally determined hyperparameters, such as the con-
fidence threshold 7 and rescue ratios «.. These
values were selected to validate the core hypothesis
that spatial neighbors facilitate faster convergence
rather than to locate the global optimum.
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A Theoretical Proofs and Derivations

In this section, we provide the detailed mathemati-
cal derivations for the propositions and theorems
presented in the main methodology.

A.1 Proof of Theorem 1 (Margin-based Error
Bound)

Problem Statement: Let p = [p1, po, ..., px] be
the probability distribution over K classes, sorted
such that p(y > p(2) > -+ > p(k)- The predicted
class is § = argmax;p;. The probability of error
is P(€) = 1 — p(1). Given the margin constraint
P(1) — P(2) > T, we seek the upper bound of P().

Proof. We aim to find the maximum possible error,
which corresponds to minimizing the confidence
P(1) subject to the constraints.

1. Define Constraints: The probability distribu-
tion must sum to 1, and the margin condition must
hold:

(12)

K
> pu =1,
k=1

Py —P@) =T (13)

2. Worst-Case Analysis: To maximize error
(1 — p(1)), we must minimize p(y). This occurs
when the remaining probability mass 1 — p(q) is
concentrated as much as possible in the “competi-
tor” classes to satisfy the constraints tightest.

From Eq. (13), we express p(g) in terms of p(yy:

Pe) < pa) — T (14)

3. Bounding the Sum: Since p() is the maxi-
mum, all other probabilities p ;) for k& > 2 are also
bounded by p(2) (and thus p(;) — 7), but a stricter
bound for the binary case (or focusing on the top-2
dominating case) gives the tightest constraint on
P(1)-

Consider the relation between the top-2 proba-
bilities and the total sum:

K

Py +P@) <Y P = 1.
k=1

15)

4. Deriving the Inequality: Substitute the mar-
gin constraint p() < p(1) — 7 into the sum inequal-

11

ity:
pay + (pay —7) <pa)ytpe <1 (16)
2y —7 < 1 (17)
2p(1) S 147 (18)
1+7
poy < 2T (19)

2

Correction for Lower Bound of Correctness:
Wait, we are looking for the minimum valid p(y)
to find the maximum error. The constraint is
Py + Py + Zszs p(ky = 1. To minimize p(y),
we need to maximize the other terms. The largest
possible value for p(o) is p(1) — 7.

Thus, in the worst case (where probability is split
maximally between top-2):

K
pay + (p(l) —7)~1 (assuming Zp(k) ~ 0)
k=3
(20)
1+71
Py = . (22)

2

147

Any p(;) smaller than == would require py) >
p(1) — 7 to sum to 1, violating the margin condition.
Therefore, the lower bound on confidence is:

1+7
7

Py = (23)

5. Calculating the Error Bound: The probabil-
ity of error is the complement of the top-1 proba-
bility:

P(&) =1-pq) (24)
147
<1- 5 (25)
1—7
= (26)

This concludes the proof. The error is strictly
bounded by a linear function of the threshold 7.
O

A.2 Justification of Proposition 1
(Locality-Induced Information Gain)

Proposition Statement: The mutual information
I(zi; Zpr(;)) dominates I(2;; zs,,,, )-

Proof. We derive this property from the defini-
tion of Conditional Mutual Information and the
Markov property of Convolutional Neural Net-
works (CNNs).



1. Definition of Information Gain: Let 2 be
the set of all tokens. The information gain for a
target token z; given a subset S is:

1G(S) = I(z:;S|Q\ ({z:} U S))

= H(z|Q\ ({zi} US)) — H(z[Q\ {2}).

27

2. Spatial Correlation Decay: For latent codes

z derived from a VQ-GAN encoder F, the covari-

ance between features at spatial locations v and v

generally follows a decay function dependent on
Euclidean distance d(u, v):

> ; (28)

where o corresponds to the Effective Receptive
Field (ERF).

3. Entropy and Correlation: For Gaussian-like
distributions, the conditional entropy is related to
the correlation coefficient p:

d(u,v)?

Cov(zy, zy) X exp (— 5,7
o

H(zi|zj) ~ %log(l — p?j) + const. (29)
Higher correlation p;; leads to lower conditional
entropy H (z;|z;).

4. Comparing Neighbors vs. Distant Tokens:
Let j € N (i) be a spatial neighbor and k € Sy
be a distant token.

d(i, j) < d(i, k) (30)
= Pij > Pik (31)
= H(Z,‘Zj) < H(ZZ‘Zk) (32)

5. Conclusion: Since observing neighbors re-
duces the conditional entropy more than observing
distant tokens:

I(Zi§z,/\/’(z')) > I(Zi;z‘gdist). (33)

Thus, the optimal strategy for variance reduction is
to prioritize N (7). O

A.3 Derivation of Inverse Scheduling
(Proposition 2)

Objective: Find the effective timestep £, sSuch
that the model’s training distribution matches the
current observation density.

Proof. 1. Forward Process Definition: The mask-
ing probability at time ¢ is given by the schedule
function ~y(¢):

q(z; = IMASKT) = (). (34)
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2. Expected Mask Ratio: For a sequence of
length N, the number of masked tokens M, follows
a Binomial distribution. The expected mask ratio

is:
e 5] =0,

3. Perturbation via Rescue: The LADR al-
gorithm unmasks a set of tokens R, changing the
actual mask ratio to pgc:

_ [Mpreo| — R
Pact = N .

4. Manifold Alignment: To ensure the input to
the denoiser py(zo|zt,,.,,) is In-Distribution (ID),
we require the expected mask ratio at £,,c,, to equal
the actual current ratio:

| M|
N

(33)

(36)

V(tnew) = Pact- (37)

5. Solving for Timestep: Assuming ~(¢) is
monotonic and invertible (e.g., cosine schedule),
we apply the inverse function:
=7 (Pact)- (38)

tnew

This creates the mapping required for the Manifold
Consistent Inverse Scheduling. O

B Extended Related Work

In this section, we provide a detailed elaboration
on the development of Masked Discrete Diffusion
for image generation and the current landscape of
acceleration strategies.

B.1 Masked Discrete Diffusion for Image
Generation

Discrete Diffusion Language Models (DLMs) (Sa-
hoo et al., 2024; Nie et al., 2025; Song et al., 2025;
Arriola et al., 2025) have reformulated the gener-
ation process as masked modeling within a dis-
cretized vector-quantized (VQ) space. Pioneered
by MaskGIT (Chang et al., 2022), this paradigm
utilizes a bidirectional Transformer coupled with a
mask-scheduling strategy to enable image synthesis
via iterative parallel decoding. Compared to stan-
dard continuous diffusion models (Ho et al., 2020;
Rombach et al., 2022), this formulation signifi-
cantly curtails the required sampling steps. Build-
ing upon this foundation, subsequent architectures
have rapidly expanded the field: Paella (Rampas
etal., 2022) optimized U-Net backbones with noise-
robust objectives, while Muse (Chang et al., 2023)



demonstrated scalability by integrating pre-trained
LLMs for enhanced semantic control.

More recently, the field has witnessed a shift
towards unified multimodal understanding and gen-
eration (You et al., 2025; Swerdlow et al., 2025;
Xin et al., 2025; Li et al., 2025b,c). Notably, frame-
works like Lumina-DiMOO (Xin et al., 2025) and
LaVida-O (Li et al., 2025b) adopt a generalized dis-
crete diffusion approach that treats visual and tex-
tual tokens as a shared sequence. While facilitating
versatile generative capabilities across modalities,
the iterative mask recovery process still imposes a
non-negligible computational overhead. This un-
derscores the necessity for efficient acceleration
strategies that can expedite inference without com-
promising generative integrity.

B.2 Acceleration of Masked Discrete
Diffusion

The efficacy of discrete diffusion hinges on iterative
refinement, where multiple forward passes resolve
the joint distribution of tokens. Unlike autoregres-
sive models that benefit from causal masking and
KV-caching (Li et al., 2024; Bai et al., 2023; Guo
et al., 2025; Cai et al., 2024), masked diffusion
relies on bidirectional attention with dynamically
shifting mask states (Sahoo et al., 2024; Xin et al.,
2025). This characteristic precludes the reuse of
historical computations, creating a distinct latency
bottleneck.

Distillation-Based Approaches. To alleviate la-
tency, research has gravitated towards model distil-
lation (Hinton, 2014; Song et al., 2023; Deschenaux
and Gulcehre, 2025; Yin et al., 2024; Hayakawa
et al., 2025). While Consistency Models (Song
et al., 2023; Kim et al., 2024) are effective in con-
tinuous pixel space, adapting them to discrete VQ
space requires specialized formulations due to the
absence of explicit ODE trajectories (Zhu et al.,
2025a). Works such as DiMO (Zhu et al., 2025a)
and Soft-DiMO (Zhu et al., 2025b) address this us-
ing policy gradients and soft embedding relaxations
to compress multi-step trajectories. However, these
methods necessitate computationally expensive re-
training and student-teacher alignment, limiting
their plug-and-play applicability.

Training-Free Heuristics. Advancements in
DLMs have also explored architectural optimiza-
tions (Wu et al., 2025a; Hu et al., 2025; Wu et al.,
2025b; Wang et al., 2025a) and adaptive sam-
pling (Li et al., 2025a; Israel et al., 2025) primar-
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ily for text generation. While effective for 1D se-
quences, their direct adaptation to the visual do-
main is non-trivial. The inherent gap between the
sequential dependencies of text and the 2D spa-
tial correlations of images renders text-optimized
heuristics suboptimal for visual generation. This
discrepancy highlights the need for acceleration
strategies explicitly tailored to the spatial redun-
dancy and structural properties of images.
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