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Abstract

Diffusion Large Language Models (dLLMs)
have recently become a promising alternative to
autoregressive large language models (ARMs).
Semi-autoregressive (Semi-AR) decoding is
widely employed in base dLLMs and advanced
decoding strategies due to its superior perfor-
mance. However, our observations reveal that
Semi-AR decoding suffers from inherent block
constraints, which cause the decoding of many
cross-block stable tokens to be unnecessarily
delayed. To address this challenge, we system-
atically investigate the identification of stable
tokens and present three key findings: (1) naive
lookahead decoding is unreliable, (2) token sta-
bility closely correlates with convergence trend,
and (3) historical information is isolated. Build-
ing on these insights, we propose Anchor-based
History-stable Decoding (AHD), a training-
free, plug-and-play dynamic decoding strategy.
Specifically, AHD monitors the stability trend
of tokens in real time through dynamic anchors.
Once a token reaches stability, it initiates early
cross-block decoding to enhance efficiency and
performance. Extensive experiments across lan-
guage, vision-language, and audio-language do-
mains demonstrate that AHD simultaneously
improves both performance and inference effi-
ciency. Notably, AHD effectively reverses the
performance degradation typically observed in
existing advanced decoding acceleration strate-
gies. For instance, on the BBH benchmark, our
approach reduces decoding steps by 80% while
improving performance by 3.67%.

1 Introduction

Recently, diffusion large language models (dLLMs)
have attracted extensive attention from the com-
munity and become a strong alternative to au-
toregressive large language models (ARMs) (Nie
et al., 2025; Ye et al., 2025). In contrast to the
next-token prediction mechanism employed by

∗ Work done during the internship at AMAP, Alibaba
Group. † Project lead. ‡ Corresponding author.

ARMs, dLLMs utilize bidirectional attention and
iterative decoding, facilitating efficient parallel de-
coding, flexible generation order, and controllable
output (Berglund et al., 2024). In recent work,
semi-autoregressive (Semi-AR) decoding has been
widely adopted in base dLLMs (Yang et al., 2025;
Nie et al., 2025; Zhu et al., 2025; Bie et al., 2025),
and numerous advanced decoding strategies have
been developed based on this framework (Wei et al.,
2026; Wang et al., 2025a; Dong et al., 2025; Wu
et al., 2025; Ma et al., 2025b; Wang et al., 2025b).

However, Semi-AR decoding requires the com-
pletion of the current block prior to initiating the
subsequent one, thereby limiting the potential for
parallel decoding. To investigate this constraint,
we conducted a systematic study and obtained the
following key observations: (i) Block-Boundary
Delay is Prevalent. Specifically, Figure 1 (a) and
(b) reveal that many tokens already match the fi-
nal output before their corresponding blocks are
decoded and maintain stability until they are even-
tually unmasked. We define such tokens as cross-
block stable tokens. However, the sequential nature
of block decoding introduces unnecessary delays
for these stable tokens, wasting many decoding
steps. (ii) Cross-block Stable Tokens Exhibit Ra-
diative Effects. Figure 1 (c) illustrates that the
initial stable state of a token often emerges in a
clustered pattern (i.e., the first stable step). This in-
dicates that once a token reaches stability, it exerts
an influence on neighboring tokens, accelerating
their transition into stable states. Conversely, delay-
ing the decoding of a stable token suppresses the
entire local region, leading to performance degra-
dation (Lu et al., 2026; Wang et al., 2025b).

Therefore, we urgently need to free these stable
tokens from the sequential block constraint, which
is crucial for both inference efficiency and perfor-
mance. This raises a key question: how can we
accurately identify cross-block stable tokens? Pre-
vious studies have often relied on metrics such as
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confidence and entropy to determine whether a to-
ken should be decoded (Nie et al., 2025; Wu et al.,
2025; Ben-Hamu et al., 2025). Therefore, we sys-
tematically examine the evolution of the confidence
metric for cross-block stable tokens during decod-
ing, and identify two critical insights: (I) Naive
Lookahead Decoding is unreliable. As shown in
Figure 2 (a), even these tokens that have already
reached stability may still experience local fluctua-
tions in subsequent decoding steps. These tempo-
rary variations can potentially result in erroneous
judgments. (II) Token stability closely correlates
with convergence trend. As shown in Figure 2 (b),
after the first stable step, the confidence trend of
these stable tokens changes sharply, exhibiting a
rapid growth pattern that we define as the absolute
stability trend. This motivates us to redefine token
stability in terms of the trajectory across decoding
steps. Furthermore, it is more critical to capture the
emergence of the absolute stability trend at an early
stage than solely monitoring peak values. If tokens
are unlocked only when their confidence exceeds
a high threshold, the decoding process is forced to
wait for many unnecessary steps and could exhibit
the phenomenon outlined in insight I.

Based on the above insights, we identify two
essential conditions for the precise detection of
cross-block token stability: (1) the formulation of a
global stability metric that transcends local behav-
ior; and (2) the capability to dynamically monitor
trajectory information. To meet these conditions
effectively, the integration of historical information
is indispensable. However, by examining the de-
coding characteristics of dLLMs, we find that: (III)
Historical information is isolated in standard de-
coding. In conventional iterative decoding within
dLLMs, each prediction only depends on the out-
come of the immediately preceding step. The final
output is determined exclusively by the last decod-
ing step, with no consideration of earlier iterations.
Therefore, we argue that breaking this historical
isolation by integrating trajectory information is
essential for identifying these stable tokens.

In response to these insights, we propose
Anchor-based History-stable Decoding (AHD), a
training-free, plug-and-play dynamic decoding ap-
proach for monitoring cross-block stability. Specif-
ically, at each decoding step, we take the current
step as a dynamic anchor and retrospectively exam-
ine prior steps in the historical buffer. Through this
process, we establish a stability criterion grounded
in historical consistency. This allows us to cap-

ture the absolute stability trend at an early stage,
avoiding additional decoding steps, and improv-
ing robustness to local fluctuations. Moreover, the
early unlocking of these cross-block stable tokens
preserves the coherence of the decoding, thereby
enhancing generation quality. Our contributions
are summarized as follows:
• We systematically analyze the key limitations

of Semi-AR decoding and derive three critical
insights, which serves as the motivation and key
evidence for determining cross-block stability.

• Based on the analysis, we propose AHD, a novel
cross-block stability decoding method. It uses dy-
namic anchors to trace back historical trajectories
and capture absolute stability trends, enabling
early unlocking of cross-block stable tokens. We
also provide theoretical proof of the method.

• Extensive experiments on language, vision-
language, and audio-language domins show that
AHD achieves consistent improvements in both
performance and inference efficiency, signifi-
cantly surpassing previous decoding strategies.

2 Preliminary

In this section, we present an overview of the infer-
ence process in dLLMs. Due to space constraints,
additional related work is provided in Appendix A.

Inference Process of dLLMs. During inference,
diffusion large language models (dLLMs) generate
a sequence by iteratively denoising from an initial
all-mask state (Nie et al., 2025). Given a target
sequence length L, the model initializes

xT = ([MASK], . . . , [MASK]) ∈ VL, (1)

and performs T reverse diffusion steps to recon-
struct the final output x0. At each timestep t, the
model performs a forward pass on the current state
xt, yielding token distributions pt

j over the vocabu-
lary for each position j = 1, . . . , L. Subsequently,
a confidence-aware remasking mechanism selects
a subset of positions Mt−1 such that:

|Mt−1| ≈ αt−1L, (2)

where αt−1 ∈ [0, 1] is the target masking ratio at
step t− 1. For each position j, a confidence score
is computed by stj = maxv∈V pt

j(v).
Positions with the lowest confidence scores are

iteratively added to the masked token set Mt−1

until the desired number of masks is reached. The
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(c) Scatter distribution(b) Quantitative results

(a) Visualization heatmap of semi-autoregressive decoding

Figure 1: Systematic analysis of Semi-AR decoding on
dLLMs. (a) Heatmap visualization on a sample. Stars
indicate the earliest step at which cross-block tokens
reach stability, while black squares denote the finally
unmasked step. For instance, position 65 is expected
to be decoded no earlier than step 64; however, it sta-
bilizes as early as step 53. (b) Qualitative analysis of
cross-block delayed decoding. (c) Distribution of the
first stable step.

remaining positions are updated to their predicted
tokens (e.g., via greedy decoding). This process is
repeated for each step until t = 0, at which point
the final sequence x0 is obtained.
Semi-autoregressive Decoding. To further en-
hance quality and controllability, the Semi-AR
decoding has been widely adopted in base
dLLMs (Nie et al., 2025; Yang et al., 2025; Zhu
et al., 2025; Wang et al., 2025c; Xin et al., 2025).
Recent advances in decoding algorithms often build
upon this paradigm (Wu et al., 2025; Dong et al.,
2025; Wang et al., 2025a; Wei et al., 2026; Kong
et al., 2025; Kim et al., 2026; Li et al., 2026; Ma
et al., 2025b). Its core principle is to partition the
output sequence into multiple blocks and decode
them sequentially from left to right. Within each
block, the aforementioned diffusion decoding strat-
egy is applied. Although this method constrains the
generation order, it consistently achieves superior
performance across various tasks.

3 Method

3.1 Key Limitation of Semi-AR Decoding

Semi-AR decoding has been widely adopted across
various base dLLMs and advanced decoding strate-
gies. However, its architecture supports parallel
generation only within individual blocks, while re-
quiring sequential processing across blocks. This

structural constraint inherently limits the parallel
decoding potential of dLLMs. To address this, we
first conducted a systematic analysis of Semi-AR
decoding and identified several key observations,
which serve as the motivation and foundation of
our proposed method.

Core observation 1: Block-boundary Delay is
Prevalent. First, we conducted experiments us-
ing LLaDA-8B-Instruct (Nie et al., 2025) on a
representative sample from GSM8K (Cobbe et al.,
2021). As shown in Figure 1 (a), we observe that
many tokens already match their final predicted val-
ues before their corresponding blocks are decoded,
and these tokens remain unchanged until eventually
being unmasked. We refer to such tokens as cross-
block stable tokens. To further quantify this phe-
nomenon, we further evaluated three widely-used
benchmarks (Chen et al., 2021; Wang et al., 2024b;
Cobbe et al., 2021). As shown in Figure 1 (b), all
three benchmarks contain many tokens whose de-
coding is delayed by block boundaries, resulting in
significant waste of decoding steps.

Core observation 2: Cross-block Stable Tokens
Exhibit Radiative Effects. As shown in Figure 1
(c), we further visualize the temporal and spatial
distribution of the first stable step (marked as stars
in Figure 1 (a)). It is defined as the earliest de-
coding step at which a token reaches stability. We
observe that the onset of stable tokens is not ran-
domly dispersed but instead forms noticeable clus-
ters. Specifically, once a token achieves stabil-
ity, adjacent tokens tend to stabilize in subsequent
steps. We interpret these findings as follows: dur-
ing iterative decoding, stable tokens function as
semantic anchors, exerting radiative and attractive
influences on surrounding tokens. The delayed de-
coding of these stable tokens suggests that block
boundaries disrupt local inference within the block.

3.2 Prerequisites for Cross-Block Decoding

Based on above analysis, it is evident that Semi-AR
decoding incurs significant block-boundary delays.
To address this, a natural objective is to acceler-
ate the release of stable tokens, which are delayed
during decoding, thereby reducing overall decod-
ing steps and improving inference coherence. This
raises a key question: How can cross-block stable
tokens be effectively and accurately identified?

Core insight 1: Naive Lookahead Decoding is
Unreliable. Previous studies have frequently em-
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(a) Local Fluctuation

(b) Convergence Trend

Figure 2: Dynamics of confidence during the decoding.
(a) Local fluctuations persist even after the token has
become stable. (b) Prior to stabilization, the confidence
remains flat or oscillatory; however, after crossing the
first stable step, it exhibits a marked upward trend.

ployed confidence and entropy as decoding indi-
cators (Wu et al., 2025; Ben-Hamu et al., 2025).
Here, we utilize the confidence metric as stability
measures for cross-block unlocking, and track the
evolution of it. As shown in Figure 2 (a), our obser-
vation reveals that stable tokens can still experience
brief, large fluctuations in confidence metric even
after their first stable step. These low-frequency
fluctuations are critical, as they can induce misjudg-
ments, and propagate erroneous signals to subse-
quent iterations, ultimately affecting the quality of
the final output. Moreover, both confidence and
entropy metrics are computed based on a single de-
coding step, rendering them particularly sensitive
to local fluctuations.

Core insight 2: Token Stability Closely Corre-
lates with Convergence Trend. In addition to lo-
cal fluctuations, we also identify another common
and critical phenomenon. As illustrated in Figure 2
(b), the confidence curves for cross-block stable
tokens typically remain persistently low or oscil-
latory prior to the first stable step, indicating that
the position is still engaged in iterative inference.
However, after exceeding this step, the curves enter
a distinct “convergence phase”, characterized by a
sharp and monotonic increase in confidence. We
term this phenomenon the absolute stability trend.
If a token remains unlocked until its confidence
exceeds an extremely high threshold, this leads to
a significant increase in decoding steps and could
exhibit the phenomenon outlined in insight 1. To
address this, we redefine token stability based on
its confidence trajectory throughout the decoding
process. Specifically, our approach is to identify
and capture the trajectory at the earliest stage when

it exhibits an absolutely stable trend.

Core insight 3: Historical Information is Iso-
lated in Standard Decoding. Building upon
above insights, we conclude that two essential con-
ditions must be satisfied to effectively and effi-
ciently detect token stability: (1) the adoption of a
global stability metric that transcends single-step
evaluation, and (2) the ability to dynamically mon-
itor information and capture the absolute stability
trend. To satisfy these conditions, a crucial consid-
eration is the incorporation of historical informa-
tion. Through analysis of the standard decoding in
dLLMs, we observe that each inference step oper-
ates independently, disregarding previous predic-
tions. Consequently, the final output is completely
determined by the prediction pθ(x

0 | x1) at the
last step, while all intermediate predictive distribu-
tions during decoding are ignored. Therefore, it is
essential to break this inherent characteristic and
leverage historical trajectory information.

3.3 Anchor-based History-stable Decoding
Building on the above analysis, we propose Anchor-
based History-stable Decoding (AHD), a training-
free, plug-and-play decoding strategy. The core
idea is to use dynamic anchors to compute a his-
torical consistency stability criterion and capture
the absolute stability trend at an early stage. This
safely unlocks the potential of cross-block parallel
decoding and improves the inference coherence.

As shown in Figure 3, at each decoding step t,
we first divide the sequence Xt into the current
block Bt

current and the future block Bt
future. In tra-

ditional Semi-AR decoding, token generation at
step t is restricted to Bt

current. Our approach adopts
the confidence-aware parallel decoding strategy to
define a subset Gt

c within Bt
current. Simultaneously,

within Bt
future, we employ same confidence-aware

parallel decoding strategy and AHD to construct a
cross-block lookahead decoding subset Gt

f . To cap-
ture the dynamic evolution of token distributions
across decoding steps, we utilize KL divergence as
a metric for distributional change. Specifically, for
position j at decoding step t, we define the one-step
KL divergence Dt

j(one-step), as follows:

Dt
j(one-step) ≜ DKL(P

t
j ||P t−1

j )

=
∑

v∈V
P t
j (v) log

P t
j (v)

P t−1
j (v)

,
(3)

where P t
j (v) and P t−1

j (v) represent the probabil-
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Future Block
Block 1 Block 2

Current Block
Block 0 Step t-3 Step t-2 Step t-1 Step t

DKL(pt||pt-3) DKL(pt||pt-2) DKL(pt||pt-1)
W1 W2 W3

Mask token Decoded token Anchor token Unstable token Stable token

Historical Buffer 

Step 2

Step 1

Step 3

Step 4

Step 5

Step 6
Djt acs = (

τ=1

H−1
wτ δj

t,τ

δj
t,τ=DKL Pjt∥Pjt−τ = 1

v∈V
Pjt v log

Pjt v
Pjt−τ v

< ε
> ε

t = 1

t = 0

Historical Buffer Length = 4

Figure 3: Illustration of Anchor-based History-stable Decoding (AHD). AHD retrospectively tracks historical
trajectories from anchor points to dynamically monitor the absolute stability trend. Cross-block stable tokens are
unlocked early in the absolute stability trend, reducing decoding steps while further unleashing the potential of
parallel diffusion decoding and achieving significant performance gains.

ities of generating token v ∈ V at position j for
decoding steps t and t − 1, where V is the vo-
cabulary. However, as demonstrated by our core
insight 1, D(one-step) is highly sensitive to local
fluctuations, which can lead to misjudgments.

Based on observation 2 and insights 2 and 3,
we leverage the historical consistency stability cri-
terion to retrospectively monitor the absolute sta-
bility trend in real time. Specifically, for each
position j ∈ Bt

future within the future block, we
maintain a historical buffer of length H , denoted
as Ht

j = {P t−H+1
j , . . . , P t

j }. Simultaneously, for
each historical buffer, we dynamically designate
an anchor point for the current decoding step, de-
noted as P t

j,anchor, which is formally equivalent to
P t
j . The core idea of the strategy is to employ the

dynamic anchor as the evaluation baseline, and ret-
rospectively examine all steps within the historical
buffer {P t−H+1

j , . . . , P t
j }, excluding the anchor,

to evaluate the absolute stability trend within that
historical buffer. We formally define the anchored
KL divergence as follows:

δt,τj ≜ DKL(P
t
j,anchor||P t−τ

j ), (4)

where τ ∈ [1, H − 1] represents the backtracking
step size. Accordingly, we obtain a historical con-
sistency sequence {δt,1j , . . . , δt,H−1

j }. To aggregate
evidence across the entire historical window, we
compute a weighted sum of the δt,τj within the se-
quence, resulting in the final anchored consistency
score Dt

j(acs). Formally, this can be expressed as:

Dt
j(acs) =

H−1∑

τ=1

wτδ
t,τ
j . (5)

Here, we assign the exponentially decaying weights
wτ to historical gap τ , thereby assigning greater
importance to more recent history. Specifically, the

weight is defined as:

wτ =
e−λτ

Z
,Z =

H−1∑

k=1

e−λk, (6)

where λ > 0 controls the rate of decay. When
Dt

j(acs) falls below the historical consistency
threshold ε, we consider that, within this histor-
ical time window, P t

j,anchor has already reached
an absolutely stable trend and will be incorporated
into the Gt

f . Formally, this subset is defined as:

Gt
f = {j|j ∈ Bfuture ∧Dt

j (acs) < ε}. (7)

Finally, we update the sequence Xt at the cor-
responding decoding positions from Gt

unmasked,
which Gt

unmasked is the union of Gt
c and Gt

f .

4 Experiments

4.1 Experimental Setup
Implementation Details. In the language do-
main, we evaluate the proposed method on two
widely used dLLMs: LLaDA-8B-Instruct (Nie
et al., 2025) and LLaDA-1.5 (Zhu et al., 2025), with
a generation length of 256 and a block length of
32. In the vision-language and audio-language do-
mains, we use MMaDA-8B-MixCoT (Yang et al.,
2025) and DIFFA (Zhou et al., 2025), respectively.
Additionally, the historical consistency threshold
ε and the historical buffer length H are set to 0.01
and 6 by default. More implementation details are
provided in Appendix B.
Datasets and Tasks. Our evaluation in the lan-
guage domain encompasses three key capability
areas across seven benchmarks. For code genera-
tion, we utilize HumanEval (Chen et al., 2021) and
MBPP (Austin et al., 2021b). For general tasks,
we employ BBH (Suzgun et al., 2023), MMLU-
Pro (Wang et al., 2024b), and TruthfulQA (Lin
et al., 2022). For mathematical reasoning, we
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Task Metric Vanilla PC-sampler Fast-dLLM KLASS Saber Ours

HumanEval Score ↑ 40.85 40.24 (-0.61) 41.46 (+0.61) 40.85 (0.00) 36.59 (-4.26) 43.29 (+2.44)

Step ↓ 256 256 78.36 (−69%) 131.48 (−49%) 82.83 (−68%) 77.24 (−70%)

MBPP Score ↑ 29.20 31.20 (+2.00) 29.40 (+0.20) 29.20 (0.00) 26.00 (-3.20) 31.20 (+2.00)

Step ↓ 256 256 70.05 (−73%) 113.26 (−56%) 71.79 (−72%) 66.03 (−74%)

BBH Score ↑ 53.11 48.55 (-4.56) 53.17 (+0.06) 53.03 (-0.08) 52.88 (-0.23) 56.78 (+3.67)

Step ↓ 256 256 55.85 (−78%) 98.04 (−62%) 87.31 (−66%) 51.48 (−80%)

MMLU-Pro Score ↑ 35.57 33.90 (-1.67) 35.70 (+0.13) 35.67 (+0.10) 36.10 (+0.53) 37.42 (+1.85)

Step ↓ 256 256 134.76 (−47%) 187.17 (−27%) 123.83 (−52%) 133.06 (−48%)

TruthfulQA Score ↑ 40.39 40.39 (0.00) 40.39 (0.00) 40.39 (0.00) 40.76 (+0.37) 41.49 (+1.10)

Step ↓ 256 256 67.22 (−74%) 85.56 (−67%) 53.25 (−79%) 52.91 (−79%)

Math Score ↑ 33.50 33.62 (+0.12) 33.26 (-0.24) 33.38 (-0.12) 33.48 (-0.02) 33.62 (+0.12)

Step ↓ 256 256 96.49 (−62%) 156.72 (−39%) 96.41 (−62%) 88.50 (−65%)

Asdiv Score ↑ 75.57 74.19 (-1.38) 74.79 (-0.78) 75.40 (-0.17) 75.18 (-0.39) 77.09 (+1.52)

Step ↓ 256 256 65.57 (−74%) 115.35 (−55%) 73.37 (−71%) 61.58 (−76%)

Table 1: Evaluation results of LLaDA-8B-Instruct on seven benchmarks. Values in parentheses denote the perfor-
mance change relative to the baseline naive decoding and the reduction in decoding steps. The best performance
and lowest decoding steps are highlighted in bold.

adopt Math (Hendrycks et al., 2021) and As-
div (Miao et al., 2020). In the vision-language
domain, our assessment covers five multimodal
benchmarks: MATH-Vision (Wang et al., 2024a),
MathVista (Lu et al., 2024), ScienceQA (Lu et al.,
2022), GQA (Hudson and Manning, 2019) and
MME (Fu et al., 2025). In the audio-language do-
main, we conduct evaluations on five tasks from
VoiceBench (Chen et al., 2024).
Evaluation Metrics. For each benchmark, we em-
ploy the standard performance evaluation metrics
specified for that dataset. Additionally, to evaluate
inference efficiency, we report both the decoding
steps and latency (speed-up) as measures of com-
putational speed. A reduction in decoding steps
directly indicates the mitigation of redundant com-
putations inherent in traditional dLLMs, thereby
corresponding to decreased latency (Wang et al.,
2025a; Chen et al., 2025a; Lu et al., 2026).

4.2 Main Results

Language Domain. We present the evaluation
results for LLaDA-8B-Instruct and LLaDA-1.5
across seven benchmarks in Tables 1 and 2, compar-
ing baseline approaches, recent advanced decoding
strategies, and our proposed AHD. Overall, our
method consistently surpasses both naive decod-
ing and existing advanced strategies in terms of
both performance and inference efficiency. No-
tably, most advanced decoding methods achieve
inference acceleration at the expense of model per-
formance. Specifically, in rare cases where perfor-

mance does improve, the gains are marginal (typi-
cally within 1%), falling within the expected varia-
tion and not reflecting a significant enhancement.
In contrast, our method achieves consistent perfor-
mance improvements across all seven benchmarks
while simultaneously accelerating inference. For
instance, on the BBH benchmark, LLaDA achieves
a performance gain of +3.67 points while reducing
decoding steps by 80%.
Multimodal Domain. In addition to evaluating
text-only models, we further assess multimodal un-
derstanding and reasoning. As shown in Table 3,
we present both performance metrics and infer-
ence efficiency (latency/speed-up) for MMaDA’s
naive decoding and AHD across five benchmarks,
where the latency (speed-up) of naive decoding
is normalized to 1. Overall, AHD demonstrates
consistent and stable improvements in both per-
formance and inference efficiency across all five
benchmarks. Notably, in multimodal mathematical
reasoning, AHD achieves a +3.1 performance gain
and 2.37× speedup on MathVista, underscoring its
applicability to a wide range of multimodal tasks.
Audio Domain. We utilize DIFFA to evaluate se-
mantic audio understanding. As shown in Table 4,
our method outperforms DIFFA’s naive decoding
on all five tasks in VoiceBench. For example, on
OpenBookQA, AHD achieves a +2.0 performance
gain while reducing decoding steps by 78%. Al-
though there is a slight performance decrease on
Wildvoice, it is negligible compared with the im-
provement in inference efficiency.

20642



Task Metric Vanilla PC-sampler Fast-dLLM KLASS Saber Ours

HumanEval Score ↑ 42.68 31.88 (-10.80) 43.29 (+0.61) 43.29 (+0.61) 42.07 (-0.61) 43.90 (+1.22)

Step ↓ 256 256 75.88 (−70%) 131.01 (−49%) 82.07 (−68%) 75.85 (−70%)

MBPP Score ↑ 27.20 25.60 (-1.60) 28.00 (+0.80) 27.20 (0.00) 25.40 (-1.80) 28.60 (+1.40)

Step ↓ 256 256 73.01 (−71%) 119.34 (−53%) 77.70 (−70%) 72.88 (−72%)

BBH Score ↑ 50.35 47.03 (-3.32) 49.85 (-0.50) 50.28 (-0.07) 50.02 (-0.33) 51.90 (+1.55)

Step ↓ 256 256 57.89 (−77%) 101.11 (−61%) 88.90 (−65%) 56.00 (−78%)

MMLU-Pro Score ↑ 37.15 35.01 (-2.14) 37.21 (+0.06) 37.26 (+0.11) 36.78 (-0.37) 38.48 (+1.33)

Step ↓ 256 256 134.72 (−47%) 188.14 (−27%) 125.71 (−51%) 133.02 (−48%)

TruthfulQA Score ↑ 41.27 41.78 (+0.51) 41.49 (+0.22) 41.37 (+0.10) 40.88 (-0.39) 41.98 (+0.71)

Step ↓ 256 256 83.93 (−67%) 104.26 (−59%) 68.50 (−73%) 72.21 (−72%)

Math Score ↑ 34.32 34.22 (-0.10) 34.21 (-0.11) 34.30 (-0.02) 34.26 (-0.06) 34.34 (+0.02)

Step ↓ 256 256 93.36 (−64%) 154.26 (−40%) 95.56 (−63%) 92.72 (−64%)

Asdiv Score ↑ 77.18 74.97 (-2.21) 76.36 (-0.82) 76.79 (-0.39) 75.84 (-1.34) 78.79 (+1.61)

Step ↓ 256 256 63.83 (−75%) 114.52 (−55%) 73.19 (−71%) 60.21 (−76%)

Table 2: Evaluation results of LLaDA-1.5 on seven benchmarks.

Task Method Score ↑ Speed-up ↑

MathVista-mini MMaDA 32.90 1.00×
Ours 36.00 (+3.10) 2.37×

MATH-Vision MMaDA 9.44 1.00×
Ours 10.00 (+0.56) 2.16×

ScienceQA MMaDA 48.88 1.00×
Ours 49.93 (+1.15) 2.70×

GQA MMaDA 50.52 1.00×
Ours 50.58 (+0.06) 16.40×

MME MMaDA 1074.97 1.00×
Ours 1075.72 (+0.75) 15.98×

Table 3: Comparison of performance and inference
speedup across different multi-modal benchmarks.

Scalability. Previous studies have primarily fo-
cused on short-sequence generation, typically re-
stricting output length to 256 or 512 tokens and
largely overlooking long-sequence scenarios. To
evaluate the robustness of our method under ex-
tended lengths, we conduct experiments with out-
puts up to 1024 tokens. As presented in Table 5, our
approach consistently demonstrates superior per-
formance even with increased generation lengths.

Intuitively, reducing decoding steps is typically
perceived as inevitably leading to performance
degradation. However, AHD primarily eliminates
redundant iterations that have shown minimal vari-
ation or even introduced noise, while maintaining
sufficient iterative capacity for tokens still under-
going meaningful evolutionary updates. Therefore,
our method significantly reduces decoding steps
while further improving the inference coherence
and generation quality.
Computational Complexity. When computing
the anchored consistency score, there is some ad-

Task Method Score ↑ Step ↓

AlpacaEval DIFFA 3.75 128
Ours 3.78 (+0.03) 80.19 (−37%)

OpenBookQA DIFFA 36.50 128
Ours 38.50 (+2.00) 28.67 (−78%)

CommonEval DIFFA 2.90 128
Ours 2.94 (+0.04) 72.45 (−44%)

BBH DIFFA 53.00 128
Ours 54.30 (+1.30) 56.49 (−56%)

Wildvoice DIFFA 2.80 128
Ours 2.76 (-0.04) 80.52 (−37%)

Table 4: Evaluation results of DIFFA on VoiceBench.

ditional GPU memory usage and inference time.
However, as shown in Figure 4 (a), this overhead is
negligible compared with the total inference cost of
dLLM, since the logits for all tokens have already
been computed (see Appendix A).

4.3 Ablation Study
In this section, we conduct comprehensive abla-
tion experiments using LLaDA-8B-Instruct. More
detailed experimental settings and results are pro-
vided in Appendix B and C.
Effect of Different Generation Length. To in-
vestigate the effect of generation length, we fix
the block length at 32 and evaluate model perfor-
mance with generation lengths of 128, 256, and
512. As summarized in Table 6, AHD consistently
outperforms vanilla decoding in terms of both per-
formance and inference efficiency across all gener-
ation length configurations.
Effect of Different Block Length. To assess the
influence of block length, the generation length is
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Figure 4: (a) Computational complexity of related operations; (b) Ablation study on ε; (c) Ablation study on H.

Method BBH HumanEval

Score↑ Step↓ Score↑ Step↓
LLaDA 53.28 1024 43.90 1024
PC-sampler 54.03 1024 42.07 1024
Fast-dLLM 53.68 65.54 42.68 184.79
KLASS 53.42 122.66 43.90 309.97
Saber 52.80 213.02 43.90 210.43
Ours 59.82 (+6.54) 58.25 (−94%) 48.78 (+4.88) 146.48 (−86%)

Table 5: Long-sequence results of LLaDA-8B-Instruct
on two benchmarks (generation length 1024).

Task Method 128 256 512

Score↑ Step↓ Score↑ Step↓ Score↑ Step↓

MBPP LLaDA 39.00 128 29.20 256 16.20 512
Ours 40.40 47.65 31.20 66.03 16.40 116.75

MMLU-Pro LLaDA 37.42 128 35.57 256 37.46 512
Ours 38.12 65.51 37.42 133.06 39.00 197.20

BBH LLaDA 45.71 128 53.11 256 53.14 512
Ours 50.07 33.11 55.69 52.62 59.05 60.68

Table 6: Performance and inference speed on three
benchmarks at different generation lengths.

fixed at 256, and AHD is applied with four block
configurations: 16, 32, 64, and 128. As reported in
Table 7, AHD maintains superior task performance
and inference efficiency over vanilla decoding for
all block lengths, indicating strong robustness. No-
tably, this robustness extends to multimodal config-
urations, as evidenced in Table 8.
Effect of Historical Consistency Threshold ε. We
conducted ablation experiments to analyze the im-
pact of the ε on performance and decoding steps.
As illustrated in Figure 4 (b), small values of ε pre-
vent the early release of cross-block stable tokens,
resulting in increased fluctuations and degraded
performance (Wang et al., 2025b). Conversely,
excessively large values of ε result in the prema-
ture release of numerous unstable tokens across
blocks, similarly impairing performance. In addi-
tion, the decoding steps decrease monotonically
with increasing ε. Notably, when ε = 0.02, we
achieve a balance between inference efficiency and
performance, representing an optimal trade-off.
Effect of Historical Buffer Length H. Our pro-
posed method can achieve a trade-off between per-
formance and inference efficiency by adjusting the
historical buffer length. As shown in Figure 4 (c), a
significantly small H, such as 2, leads to a substan-

Block Method MBPP MMLU-Pro BBH

length Score↑ Step↓ Score↑ Step↓ Score↑ Step↓

16 LLaDA 28.60 256 33.74 256 52.51 256
Ours 30.80 72.73 37.36 137.02 56.12 59.88

32 LLaDA 29.20 256 35.57 256 53.11 256
Ours 31.20 66.03 37.42 133.06 55.69 52.62

64 LLaDA 27.40 256 36.67 256 54.32 256
Ours 28.80 63.50 38.02 131.54 55.57 48.93

128 LLaDA 26.40 256 36.67 256 53.46 256
Ours 26.40 59.47 37.84 132.14 53.49 48.08

Table 7: Performance and inference speed on three
benchmarks at different block lengths.

Method 16 32 64 128

Score↑ Speed Up↑ Score↑ Speed Up↑ Score↑ Speed Up↑ Score↑ Speed Up↑
MMaDA 31.3 1.00× 32.1 1.00× 32.9 1.00× 32.5 1.00×
Ours 33.9 2.01× 34.0 2.08× 36.0 2.37× 32.9 2.04×

Table 8: Performance and inference speed on Mathvista-
mini benchmark at different block lengths.

Method temperature=0 temperature=0.1 temperature=0.4 temperature=0.7 temperature=1

Score↑ Step↓ Score↑ Step↓ Score↑ Step↓ Score↑ Step↓ Score↑ Step↓
LLaDA 35.57 256 35.86 256 35.80 256 35.73 256 35.20 256
Ours 37.42 133.06 37.99 132.77 37.46 132.08 37.22 131.06 36.93 131.62

Table 9: Performance and decoding steps on MMLU-
Pro under different temperature coefficients.

tial performance degradation. This decline occurs
because a short monitoring history fails to capture
the true absolute stability trend, as noted in core
insights 1 and 2. Conversely, we observe optimal
performance when H = 6, indicating an effective
compromise between capturing historical trends
and maintaining computational efficiency.
Robustness to Temperature Coefficients. In the
main experiments, we use greedy decoding to en-
sure reproducibility. Additionally, we investigate
the impact of temperature on AHD. Table 9 shows
AHD exhibits strong robustness across varying tem-
perature settings, while consistently delivering no-
table gains in accuracy and decoding efficiency.

5 Conclusion

In this work, we propose Anchor-based History-
stable Decoding (AHD). Its core idea is to use dy-
namic anchors to monitor the historical trajectory
in real time, capture the absolute stability trend at
an early stage, and thereby unlock stable tokens
across blocks in advance. AHD substantially re-
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duces the decoding steps while consistently im-
proving performance across multiple benchmarks
in the language, multimodal, and audio domains.
This offers a novel perspective for the development
of future advanced decoding strategies.

Limitations

In this section, we discuss several limitations of
our work. (1) Although AHD is a training-free,
plug-and-play method, its parameters vary slightly
across tasks, which increases the adaptation cost
for new scenarios. (2) Our experiments mainly fo-
cus on models of around 8B parameters, and have
not yet validated effectiveness on larger models
such as 72B or 256B. With more computational
resources, we plan to explore longer sequences and
larger-scale models. (3) Although the additional
computation introduced by AHD is almost negli-
gible, we further optimize the related operations,
such as vectorization, to further improve inference
efficiency.
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A Related Work

Diffusion Large Language Model. Diffusion
models have achieved widespread success in image
and video generation (Ho et al., 2020; Rombach
et al., 2022; Melnik et al., 2024; Zhang et al., 2023;
Yang et al., 2023), inspiring growing interest in ap-
plying them to discrete text domains. Migrating dif-
fusion models from continuous to discrete domains
presents unique challenges, and researchers have
explored several technical approaches (Campbell
et al., 2022; Lovelace et al., 2023; Yu et al., 2025a).
Among these, Masked Diffusion Models (MDMs)
have become the most mainstream branch (Austin
et al., 2021a; Sahoo et al., 2024; Chen et al., 2023;
Gong et al., 2025). This paradigm models text gen-
eration as an iterative “mask–denoise” process. In
the forward process, noise is introduced by grad-
ually replacing tokens in the text with a special
[MASK] absorption state. In the reverse process,
the model learns to reconstruct the original text
from a fully masked sequence (Ou et al., 2026; Sa-
hoo et al., 2024; Shi et al., 2024; Nie et al., 2025).
Inspired by this framework, researchers have suc-
cessfully extended MDMs to diffusion large lan-
guage models (dLLMs), with LLaDA (Nie et al.,
2025) and Dream (Ye et al., 2025) attracting wide
attention in the community. Their performance is
competitive with autoregressive models with simi-
lar scale (Yu et al., 2025a).

Parallel Decoding. In dLLMs, logits for all to-
ken positions are computed during each decoding
iteration. Fast-dLLM identifies the root cause of
degraded generation quality in parallel decoding as
the violation of token dependencies under the con-
ditional independence assumption. To address this,
Fast-dLLM and Dimple propose confidence-aware
parallel decoding (Wu et al., 2025; Yu et al., 2025b),
which dynamically adjusts the number of tokens
to unmask in each iteration based on a confidence
threshold. This allows generating multiple tokens
simultaneously while mitigating dependency vio-
lations and preserving generation quality, thereby
achieving a trade-off between quality and inference
efficiency.

Advanced Decoding Strategies for dLLM. Due
to the iterative denoising nature of dLLMs, their in-
ference latency is relatively high (Nie et al., 2025).
Furthermore, as the attention in dLLMs is bidi-
rectional, traditional KV caching is not directly
applicable (Wu et al., 2025). This has led to the

development of various acceleration strategies, in-
cluding specialized KV cache mechanisms (Chen
et al., 2025b; Liu et al., 2025; Ma et al., 2025a;
Wu et al., 2025; Song et al., 2025; Huang et al.,
2025a) and advanced decoding methods (Wu et al.,
2025; Dong et al., 2025; Wang et al., 2025a; Wei
et al., 2026; Kong et al., 2025; Kim et al., 2026;
Li et al., 2026; Lu et al., 2026). Parallel decoding
strategies typically sample multiple tokens at each
step, thereby reducing the total number of iterative
steps without retraining and achieving faster gen-
eration. Early work such as Fast-dLLM (Wu et al.,
2025) proposed a parallel decoding scheme based
on a fixed confidence threshold. Saber (Dong et al.,
2025) introduced adaptive acceleration by dynam-
ically adjusting the parallel size and employed a
backtracking re-masking mechanism to correct pre-
diction errors, improving both speed and quality.
WINO (Hong et al., 2025) implements revocable
decoding in dLLMs, enabling the refinement of
suspicious tokens. However, these decoding strate-
gies are all based on semi-autoregressive decoding,
where advanced decoding typically operates only
within a single block per step, without leveraging
already stable tokens in future blocks.

B More Implementation Details

Main Experiment. In the language domain, we
employ the lm-eval library 1 to ensure evaluation
consistency, stability, and reproducibility. Table 10
reports the in-context learning (ICL) configuration
used for each benchmark. In the vision-language
domain, we adopt the lmms-eval (Zhang et al.,
2025) library to unify the evaluation of perfor-
mance across multimodal understanding and rea-
soning benchmarks. In the audio-language domain,
we follow the experimental setup of DIFFA. The
generation and block lengths are set to 128 and 16,
respectively. We evaluate our method on five tasks
using the VoiceBench benchmark. For AlpacaEval,
CommonEval, and WildVoice, we employ GPT-4o-
mini as the evaluator. We set max_tokens to 1024,
temperature to 0.5, and top_p to 0.95.

Additionally, we present detailed inference effi-
ciency metrics in our experiments. Among these
metrics, TPF and Step focus exclusively on the
decoding process of the dLLM itself. They are un-
affected by hardware quantity, hardware type, GPU
communication protocols, or inference frameworks,

1https://github.com/EleutherAI/
lm-evaluation-harness
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and thus directly reflect intrinsic improvements to
dLLMs. All experiments are conducted on eight
NVIDIA H20 GPUs.

We provide the detailed hyperparameter settings
for each benchmark in Table 11. In general, we set
the historical-consistency threshold ε=0.01 and the
historical buffer length H =6. Although the optimal
hyperparameters vary slightly across benchmarks,
their performance remains relatively consistent.

In the main experiments on LLaDA-8B-Instruct
and LLaDA-1.5, we compared not only with naive
decoding but also with several recent advanced
decoding strategies, including PC-sample (Huang
et al., 2025b), Fast-dLLM (Wu et al., 2025),
KLASS (Kim et al., 2026), and Saber (Dong et al.,
2025). We kept their parameters consistent with
the original papers to ensure fair comparison.

Task ICL
HumanEval 0-shot
MBPP 3-shot
BBH 3-shot
MMLU-Pro 0-shot
TruthfulQA 0-shot
Math 3-shot
Asdiv 0-shot

Table 10: In-context learning settings for different tasks.

Ablation Experiment. In all ablation experi-
ments, we use LLaDA-8B-Instruct as the base
model. For the ablations on generation length and
block length, the hyperparameters of historical con-
sistency threshold ε and historical buffer length H
are set to 0.01 and 6, respectively. For the ablations
on ε and H, we fix the generation length at 256 and
the block length at 32.

C More Experimental Results

C.1 Scalability.

Previous studies have mostly neglected the case of
long-sequence generation, typically limiting gener-
ation length to 256 or 512. To verify whether our
method remains effective for long sequences, we
conducted experiments with extended generation
lengths. Specifically, the block length was set to
64 for a generation length of 1024 and 128 for a
generation length of 2048, while all other param-
eters remained consistent with those of the main
experiments. As shown in Table 12, on the Hu-
manEval benchmark, our method continues to be

Task LLaDA-8B-Instruct LLaDA-1.5

ϵ H ϵ H
HumanEval 0.02 6 0.01 6
MBPP 0.01 6 0.01 4
BBH 0.05 6 0.01 6
MMLU-Pro 0.01 6 0.01 6
TruthfulQA 0.01 6 0.01 6
Math 0.01 6 0.001 7
Asdiv 0.01 6 0.01 6

Table 11: Hyperparameters ϵ and H for different tasks.

effective for generation lengths of 1024 and 2048,
maintaining a stable and consistent improvement
trend.

C.2 Further Results on Additional
Benchmarks.

In this section, we present the results of LLaDA-
8B-Instruct on additional benchmarks. As shown
in Table 13, AHD maintains superior performance
and inference efficiency on GSM8K-COT (Cobbe
et al., 2021) compared with naive decoding and
other advanced decoding strategies, demonstrating
a consistent improvement trend with the main ex-
periments described in the text.

C.3 Further Results from the Ablation Study.

In this section, we provide detailed ablation studies
on generation length and block length. As shown
in Tables 14 and 15, we include comparisons with
other advanced decoding strategies on the MMLU-
Pro and BBH general task benchmarks. The com-
prehensive results demonstrate that AHD is robust
to both generation length and block length. No-
tably, as the generation length increases, the re-
duction in decoding steps for AHD compared to
vanilla decoding becomes increasingly pronounced.
This phenomenon can be attributed to the delayed
decoding of stable tokens caused by block bound-
aries, which becomes more significant with longer
generation lengths.

D Comparison with Other Works

In this section, we focus on the differences be-
tween AHD and other decoding methods. Although
KLASS (Kim et al., 2026) also introduces the con-
cept of KL divergence, it is important to emphasize
that AHD is fundamentally different from the step-
wise KL adopted in KLASS, which only compares
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Method 1024 2048

Score↑ TPF↑ Step↓ Score↑ TPF↑ Step↓
LLaDA 43.90 1.00 1024 44.51 1.00 2048
PC-sampler 42.07 1.00 1024 41.46 1.00 2048
Fast-dLLM 42.68 5.54 184.79 44.51 10.50 195.13
KLASS 43.90 3.30 309.97 44.51 6.39 320.63
Saber 43.90 4.87 210.43 48.17 9.34 219.25
Ours 48.78 6.99 146.48 49.39 11.92 171.84

Table 12: Long-sequence results of LLaDA-8B-Instruct on HumanEval benchmark.

Method Score ↑ TPF ↑ Step ↓

LLaDA 79.53 1.00 256
PC-sampler 79.98 (+0.45) 1.00 256
Fast_dLLM 80.29 (+0.76) 3.41 (×3.41) 75.10 (−71%)

KLASS 80.06 (+0.53) 1.99 (×1.99) 128.64 (−50%)

Saber 79.61 (+0.08) 3.35 (×3.35) 76.49 (−70%)

Ours 80.51 (+0.98) 3.41 (×3.41) 75.06 (−71%)

Table 13: Results of LLaDA-8B-Instruct on the GSM8K-CoT benchmark.

adjacent distributions (i.e., pt and pt+1). In con-
trast, AHD fixes the current distribution P t

j as an
anchor and retrospectively compares it against the
predictions along the entire historical trajectory.

On the one hand, such an anchor-based track-
ing mechanism provides a more direct character-
ization of whether the current prediction remains
consistently stable over a period of time, rather
than merely reflecting local fluctuations between
two neighboring steps, thereby avoiding mislead-
ing judgments caused by local fluctuations. On
the other hand, by performing anchored real-time
backtracking, AHD can more sensitively capture
the emergence of the absolute stability trend and
thus avoid unnecessary iterative decoding steps.

Moreover, KLASS is mainly applied to decod-
ing within the current block, whereas AHD is
designed for decoding in future blocks. There-
fore, our method is substantially different from the
KLASS strategy that computes KL divergence only
between adjacent decoding steps.

Although Prophet (Li et al., 2026) also men-
tions the phenomenon of delayed decoding, the
phenomenon it describes is fundamentally different
from the one discussed in our paper. Our focus is on
the delayed decoding of cross-block tokens caused
by block boundaries under the semi-autoregressive
decoding framework. In contrast, Prophet consid-
ers the situation where certain tokens can already

be confidently determined at an early stage of de-
coding, and then uses dynamic monitoring of con-
fidence gaps to terminate the iterative decoding
process early. Therefore, both the phenomenon we
investigate and the motivation of our method are
fundamentally different from those of Prophet.

E Theoretical Analysis

E.1 Assumption and Notation

Token-level Prediction Trajectory. Let V be the
vocabulary with |V| tokens, and ∆|V|−1 denote the
probability simplex. For a fixed position j (we
sometimes omit j when clear from context), dLLM
produces a token-level prediction distribution at
reverse step t = 0, . . . , T :

P t
j ∈ ∆|V|−1. (8)

Historical buffer and exponential weights. In
AHD, we maintain a historical buffer of length H
containing recent predictions for each position j:

Ht
j = {P t−H+1

j , . . . , P t−1
j , P t

j }, (9)

where we only keep the most recent H steps and
assume t ≥ H in practice.

For a given λ > 0, time weights are defined
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Task Method 128 256 512

Score↑ Step↓ Score↑ Step↓ Score↑ Step↓

MMLU-Pro

LLaDA 37.42 128 35.57 256 37.46 512
PC-sampler 35.59 (-1.83) 128 33.90 (-1.67) 256 35.31 (-2.15) 512
Fast_dllm 37.36 (-0.06) 67.72 (−47%) 35.70 (+0.13) 134.76 (−47%) 37.32 (-0.14) 199.31 (−61%)

KLASS 37.43 (+0.01) 88.96 (−31%) 35.67 (+0.10) 187.17 (−27%) 37.43 (-0.03) 293.96 (−43%)

Saber 36.48 (-0.94) 55.65 (−57%) 36.10 (+0.53) 128.83 (−50%) 37.16 (-0.30) 195.01 (−62%)

Ours 38.12 (+0.70) 65.51 (−49%) 37.42 (+1.85) 133.06 (−48%) 39.00 (+1.54) 197.20 (−61%)

BBH

LLaDA 45.71 128 53.11 256 53.14 512
PC-sampler 42.05 (-3.66) 128 48.55 (-4.56) 256 49.62 (-3.52) 512
Fast_dllm 45.37 (-0.34) 33.13 (−74%) 53.17 (+0.06) 55.85 (−78%) 52.81 (-0.33) 68.66 (−87%)

KLASS 45.69 (-0.02) 59.90 (−53%) 53.03 (-0.08) 98.04 (−62%) 53.17 (+0.03) 125.37 (−76%)

Saber 45.62 (-0.09) 47.10 (−63%) 52.88 (-0.23) 87.31 (−66%) 51.84 (-1.30) 120.27 (−77%)

Ours 50.07 (+4.36) 33.11 (−74%) 56.78 (+3.67) 51.48 (−80%) 59.05 (+5.91) 60.68 (−88%)

Table 14: Performance and steps on the MMLU-Pro and BBH benchmarks at various generation lengths.

using an exponential decay function as follows:

wτ =
exp(−λτ)

∑H−1
k=1 exp(−λk)

, τ = 1, . . . ,H − 1,

(10)
where wτ > 0 and

∑H−1
τ=1 wτ = 1. Moreover, due

to exponential decay, we have:

w1 = max
τ∈{1,...,H−1}

wτ . (11)

This property will be used to relate the trajectory-
level consistency score Dt

j(acs) to the one-step KL
divergence.

Token Embeddings and Semantic Representa-
tions. Let E(v) ∈ Rd denote the embedding of
token v ∈ V . Assumption 1 (Bounded embed-
dings). There exists R > 0 such that for all v ∈ V:

∥E(v)∥2 ≤ R. (12)

In practice, the predictive distribution at each po-
sition is computed from high-dimensional hidden
states in a Transformer network. For theoretical
analysis, we abstract these hidden states by the
following semantic representation:

etj =
∑

v∈V
P t
j (v)E(v) ∈ Rd. (13)

This representation can be viewed as a proxy for the
position-wise hidden state in a lower-dimensional
embedding space. Our results rely only on the
boundedness of such representations (Assump-
tion 1), not on the exact form of the network.

One-step KL and Anchor-based Historical Con-
sistency. In Section 3.3 of the main text, we de-
fine the one-step KL divergence for position j at
step t as:

Dt
j(one-step) = DKL

(
P t
j ∥P t−1

j

)

=
∑

v∈V
P t
j (v) log

P t
j (v)

P t−1
j (v)

.
(14)

To extend beyond single-step behavior, AHD in-
troduces an anchor-based historical consistency
criterion. Specifically, at step t, the current predic-
tion P j

t for position j is designated as the anchor:

P t
j,anchor = P t

j . (15)

For each backtracking offset τ ∈ {1, . . . ,H − 1},
the anchored KL divergence is:

δt,τj = DKL

(
P t
j,anchor ∥P t−τ

j

)
, (16)

and the corresponding historical consistency se-
quence is:

{δt,τj , . . . , δt,H−1
j }. (17)

Definition 1 (Anchor-based historical consis-
tency score). For position j at step t, we define
the anchor-based historical consistency score as an
exponentially weighted sum:

Dt
j(acs) =

H−1∑

τ=1

wτ δ
t,τ
j

=

H−1∑

τ=1

wτ DKL

(
P t
j,anchor ∥P t−τ

j

)
.

(18)
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Block Method MMLU-Pro BBH

length Score↑ Step↓ Score↑ Step↓

16

LLaDA 33.74 256 52.51 256
PC-sampler 33.98 (+0.24) 256 48.44 (-4.07) 256
Fast_dllm 33.65 (-0.09) 138.76 (−46%) 52.47 (-0.04) 63.37 (−75%)

KLASS 33.73 (-0.01) 192.61 (−25%) 52.57 (+0.06) 112.90 (−56%)

Saber 34.55 (+0.81) 125.00 (−51%) 51.64 (-0.87) 91.47 (−64%)

Ours 37.36 (+3.62) 137.02 (−46%) 56.12 (+3.61) 59.88 (−77%)

32

LLaDA 35.57 256 53.11 256
PC-sampler 33.90 (-1.67) 256 48.55 (-4.56) 256
Fast_dllm 35.70 (+0.13) 134.76 (−47%) 53.17 (+0.06) 55.85 (−78%)

KLASS 35.67 (+0.10) 187.17 (−27%) 53.03 (-0.08) 98.04 (−62%)

Saber 36.10 (+0.53) 128.83 (−50%) 52.88 (-0.23) 87.31 (−66%)

Ours 37.42 (+1.85) 133.06 (−48%) 56.78 (+3.67) 51.48 (−80%)

64

LLaDA 36.67 256 54.32 256
PC-sampler 34.13 (-2.54) 256 48.49 (-5.83) 256
Fast_dllm 36.79 (+0.12) 133.33 (−48%) 53.40 (-0.92) 51.05 (−80%)

KLASS 36.82 (+0.15) 185.64 (−27%) 53.54 (-0.78) 89.47 (−65%)

Saber 37.28 (+0.61) 124.10 (−52%) 54.32 (-0.0) 86.45 (−66%)

Ours 38.02 (+1.35) 131.54 (−49%) 55.57 (+1.25) 48.93 (−81%)

128

LLaDA 36.67 256 53.46 256
PC-sampler 34.06 (-2.61) 256 48.55 (-4.91) 256
Fast_dllm 36.74 (+0.07) 134.67 (−47%) 52.48 (-0.98) 48.92 (−81%)

KLASS 36.71 (+0.04) 187.96 (−27%) 52.66 (-0.80) 85.47 (−67%)

Saber 37.14 (+0.47) 126.63 (−51%) 53.11 (-0.35) 89.07 (−65%)

Ours 37.84 (+1.17) 132.14 (−48%) 53.49 (+0.03) 48.08 (−81%)

Table 15: Performance and inference speed on the MMLU-Pro and BBH benchmarks at different block lengths.

Intuitively, Dt
j(acs) measures how consistent the

current “anchor” distribution P j
t is with the entire

recent prediction trajectory stored in the historical
buffer, rather than with a single previous step.

E.2 Anchor-based Historical Consistency
Controls Distributional and Semantic
Stability

We first demonstrate that when the anchor-based
historical consistency score Dt

j(acs) is small, the
current prediction P t

j and its semantic representa-
tion etj are both close to the exponentially weighted
historical mean. This justifies Dt

j(acs) as a
trajectory-level stability metric. For notational sim-
plicity, we drop the position index j in this subsec-
tion.

Historical Mean Distribution and Embedding.
First of all, we define the historical exponential

average distribution as:

P̄t =
H−1∑

τ=1

wτPt−τ , (19)

and the corresponding semantic average as:

ēt =

H−1∑

τ=1

wτet−τ . (20)

Lemma 1 (Anchor-based historical consistency
controls deviation from the historical mean dis-
tribution). For t ≥ H , we have:

∥Pt − P̄t∥1 ≤
√
2Dt(acs), (21)

where Dt(acs) is defined as in Equation (18).
Proof. We use the standard Pinsker inequality,
which states that for any distributions P,Q:

∥P −Q∥1 ≤
√
2DKL(P∥Q). (22)
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Applying this with P = Pt and Q = Pt−τ , we
obtain:

∥Pt − Pt−τ∥1 ≤
√
2DKL(Pt∥Pt−τ ),

τ = 1, . . . ,H − 1.
(23)

On the other hand, we have:

∥Pt − P̄t∥1 =
∥∥∥Pt −

H−1∑

τ=1

wτPt−τ

∥∥∥
1

=
∥∥∥
H−1∑

τ=1

wτ (Pt − Pt−τ )
∥∥∥
1

≤
H−1∑

τ=1

wτ∥Pt − Pt−τ∥1

(triangle inequality)

≤
H−1∑

τ=1

wτ

√
2DKL(Pt∥Pt−τ )

(by equation(23)).

(24)

Since f(x) =
√
x is concave on R+, using

Jensen’s inequality yields:

H−1∑

τ=1

wτ

√
2DKL(Pt∥Pt−τ )

≤

√√√√2
H−1∑

τ=1

wτDKL(Pt∥Pt−τ )

=
√

2Dt(acs).

(25)

Combining Equations (24) and (25) gives Equa-
tion (21). □

Lemma 2 (Anchor-based historical consistency
controls deviation in embedding space). Under
Assumption 1, for t ≥ H , we have:

∥et − ēt∥2 ≤ R
√
2Dt(acs). (26)

Proof. By the definitions (13) and (20),

et =
∑

v

Pt(v)E(v), ēt =
∑

v

P̄t(v)E(v).

(27)
Hence,

et − ēt =
∑

v

(Pt(v)− P̄t(v))E(v). (28)

Taking the ℓ2 norm and using the triangle inequality

and Assumption 1,

∥et − ēt∥2 ≤
∑

v

|Pt(v)− P̄t(v)| · ∥E(v)∥2

≤ R
∑

v

|Pt(v)− P̄t(v)|

= R∥Pt − P̄t∥1.
(29)

By Lemma 1, ∥Pt − P̄t∥1 ≤
√
2Dt(acs), thus

(26) follows. □
Combining Lemmas 1 and 2 show that small

anchor-based historical consistency Dt(acs) im-
plies that the current prediction is close to an ex-
ponentially weighted average over its recent tra-
jectory, both in distribution and embedding space.
This is one aspect of the trajectory-level stability
captured by AHD.

E.3 Anchor-base Historical Consistency is
Sensitive to Long-range Oscillations

We demonstrate that the anchor-based score
Dt(acs) is sensitive to long-range oscillations,
whereas the one-step KL Dt(one-step) can remain
small under such behavior.

Lemma 3. Suppose there exists some τ⋆ ∈
{1, . . . ,H − 1} such that:

DKL(Pt∥Pt−τ⋆) ≥ ∆ > 0. (30)

Then,
D

(acs)
t ≥ wτ⋆∆. (31)

Proof. By definition (18),

Dt(acs) =

H−1∑

τ=1

wτDKL(Pt∥Pt−τ )

≥ wτ⋆DKL(Pt∥Pt−τ⋆)

≥ wτ⋆∆.

(32)

Therefore, as long as the current distribution Pt dif-
fers significantly from at least one historical point
in the buffer, Dt(acs) cannot be arbitrarily small.
In contrast, the one-step KL Dt(one-step) =
DKL(Pt∥Pt−1) may remain near zero under long-
period oscillations (e.g., with period greater than
1), failing to capture instability on a longer time
scale. □

F Case Study

In this section, we present several detailed cases.
By unlocking stable tokens across blocks in ad-
vance, AHD significantly reduces the number of
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decoding steps while maintaining high accuracy.
In contrast, the naive decoding strategy of LLaDA
performs redundant inference and even produces
incorrect answers.

G LLM Usage

This section clarifies the role of large language
models (LLMs) in this study. LLMs are used only
for language refinement, including grammar and
readability. They do not participate in any aspect
of research design.
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Case E.1: Asdiv, Generation Length 256, Block Length 32

Question: Given the following problem, reason and give a final answer to the problem. Problem:
If Tom plans to fix 158 watches at the rate of 12 watches per day, how many watches will he fix on
the last day? Your response should end with "The final answer is [answer]" where [answer] is the
response to the problem.
Ground-truth answer: 2

LLaDA-8B-Instruct (decoding step: 256) To determine how many watches Tom will fix on the
last day, we need to follow these steps:

1. Calculate the total number of days Tom will be fixing watches.

2. Determine the total number of watches Tom will fix in the full days.

3. Subtract the number of watches fixed in the full days from the total number of watches to find
out how many watches he will fix on the last day.

First, let’s calculate the total number of days Tom will be fixing watches. Since he plans to fix 158
watches at a rate of 12 watches per day, we divide the total number of watches by the rate:

158

12
= 13

This means Tom will be fixing watches for 13 days.
Next, we calculate the total number of watches Tom will fix in the full days:

13× 12 = 156

Finally, we find out how many watches Tom will fix on the last day:

158− 156 = 12

The final answer is 12.

AHD (decoding step: 100)
To determine how many watches Tom will fix on the last day, we need to follow these steps:

1. Calculate the total number of watches Tom plans to fix.

2. Determine how many days it will take him to fix the watches at the rate of 12 watches per day.

3. Find out how many watches he will fix on the last day.

First, we know the total number of watches Tom plans to fix is 158.
Next, we need to calculate how many days it will take to fix 158 watches at the rate of 12 watches
per day. We do this by dividing the total number of watches by the rate:

158÷ 12 = 13 R 2

This means Tom will need 13 days to fix 158 watches, and he will have 2 watches left to fix on the
last day.
Therefore, the number of watches Tom will fix on the last day is 2.
The final answer is 2.

20656



Case E.2: HumanEval, Generation Length 256, Block Length 32

Question:
def triples_sum_to_zero(l: list):

"""
triples_sum_to_zero takes a list of integers as an input.
it returns True if there are three distinct elements in the list that
sum to zero, and False otherwise.

>>> triples_sum_to_zero([1, 3, 5, 0])
False
>>> triples_sum_to_zero([1, 3, -2, 1])
True
>>> triples_sum_to_zero([1, 2, 3, 7])
False
>>> triples_sum_to_zero([2, 4, -5, 3, 9, 7])
True
>>> triples_sum_to_zero([1])
False
"""

LLaDA-8B-Instruct (decoding step: 256)

def triples_sum_to_zero(l: list):
"""
triples_sum_to_zero takes a list of integers as an input.
it returns True if there are three distinct elements in the list that
sum to zero, and False otherwise.

>>> triples_sum_to_zero([1, 3, 5, 0])
False
>>> triples_sum_to_zero([1, 3, -2, 1])
True
>>> triples_sum_to_zero([1, 2, 3, 7])
False
>>> triples_sum_to_zero([2, 4, -5, 3, 9, 7])
True
>>> triples_sum_to_zero([1])
False
"""
l.sort()
for i in range(len(l) - 2):

for j in range(i + 1, len(l)):
if l[i] + l[j] + l[j + 1] == 0:

return True
return False

# Test cases
if __name__ == "__main__":

import doctest

doctest.testmod()

AHD (decoding step: 29)

def triples_sum_to_zero(l: list):
"""
triples_sum_to_zero takes a list of integers as an input.
it returns True if there are three distinct elements in the list that
sum to zero, and False otherwise.

>>> triples_sum_to_zero([1, 3, 5, 0])
False
>>> triples_sum_to_zero([1, 3, -2, 1])
True
>>> triples_sum_to_zero([1, 2, 3, 7])
False
>>> triples_sum_to_zero([2, 4, -5, 3, 9, 7])
True
>>> triples_sum_to_zero([1])
False
"""
n = len(l)
for i in range(n):

for j in range(i + 1, n):
for k in range(j + 1, n):

if l[i] + l[j] + l[k] == 0:
return True

return False

import doctest
if __name__ == "__main__":

doctest.testmod()
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Case E.3: MMLU-Pro, Generation Length 256, Block Length 32

Question: The following are multiple choice questions (with answers) about math. Think step by step and then finish
your answer with "the answer is (X)" where X is the correct letter choice.
Question:
A group of scientists wanted to estimate the proportion of geese returning to the same site for the next breeding season.
Suppose they decided to increase the sample size from 200 to 2,000. How will this affect the distribution of the sample
proportion?
Options:
A. The shape of the distribution of the sample proportion will change significantly.
B. There will be no noticeable change in the distribution of the sample proportion.
C. The distribution of the sample proportion will become more uniform.
D. The distribution of the sample proportion will become skewed.
E. The distribution of the sample proportion will be more spread out.
F. The distribution of the sample proportion will more closely resemble the binomial distribution.
G. The distribution of the sample proportion will be less spread out.
H. The spread of the distribution of the sample proportion will remain unaffected.
Answer: Let’s think step by step.
A: Let’s think step by step.
Ground-truth answer: G

LLaDA-8B-Instruct (decoding step: 256)
To answer this question, let’s consider the effect of increasing the sample size on the distribution of the sample
proportion.
1. Understanding the Distribution of the Sample Proportion:
- The distribution of the sample proportion is described by the sampling distribution of the binomial proportion.
- As the sample size increases, the sampling distribution of the binomial proportion converges to a normal distribution.
This is known as the Central Limit Theorem.
2. Effect of Increasing Sample Size:
- Increasing the sample size from 200 to 2,000 will make the sampling distribution of the binomial proportion more
closely resemble a normal distribution.
- This means that the distribution of the sample proportion will become more spread out (i.e., it will have a wider range
of values).
3. Conclusion:
- The correct answer is E. The distribution of the sample proportion will be more spread out.
The answer is (E).

AHD (decoding step: 157)
To answer this question, let’s consider the effect of increasing the sample size on the distribution of the sample
proportion.
1. Understanding the Distribution of Sample Proportion:
- The distribution of the sample proportion is influenced by the sample size.
- As the sample size increases, the distribution of the sample proportion tends to become more closely related to the
population proportion.
2. Effect of Increasing Sample Size:
- When the sample size is increased from 200 to 2,000, the distribution of the sample proportion will become more
concentrated around the population proportion.
- This is because a larger sample size provides more information about the population, leading to a more accurate
estimate of the population proportion.
3. Conclusion:
- As the sample size increases, the distribution of the sample proportion will become less spread out.
- This is because the sample proportion will be closer to the population proportion, resulting in a narrower range of
possible sample proportions.
Therefore, the correct description of how the sample size affects the distribution of the sample proportion is:
G. The distribution of the sample proportion will be less spread out.
The answer is (G).
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