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Abstract

Block-diffusion language models offer a promising path toward faster-
than-autoregressive generation by combining block-wise autoregressive
decoding with within-block parallel denoising. However, in the few-step
regime needed for practical acceleration, standard confidence-thresholded
decoding is often brittle: aggressive thresholds hurt quality, while conser-
vative thresholds require unnecessary denoising steps. Existing approaches
that address this issue either require additional training or incur extra
test-time compute. We present S2D2, a training-free self-speculative decod-
ing framework for block-diffusion language models. Our key observation
is that a block-diffusion model becomes autoregressive when the block
size is reduced to one, allowing the same pretrained model to act as both
drafter and verifier. S2D2 inserts a speculative verification step into stan-
dard block-diffusion decoding and uses lightweight routing policies to
decide when verification is worth its cost. This yields a hybrid decoding
trajectory in which diffusion proposes tokens in parallel, while the autore-
gressive mode acts as a local sequence-level critic. Across three mainstream
block-diffusion families, S2D2 consistently improves the accuracy-speed
tradeoff over strong confidence-thresholding baselines. On SDAR, we ob-
serve up to 4.7 x speedup over autoregressive decoding, and up to 1.57x
over a tuned dynamic decoding baseline while improving accuracy by up
to 4.5 points. On LLaDA2.1-Mini, $2D2 remains complementary to built-
in self-correction, including a conservative setting where it is 4.4 x faster
than the static baseline with slightly higher accuracy. Code is available at
https://github.com/phymhan/S2D2.

1 Introduction

Autoregressive (AR) models have driven recent progress in language modeling, especially
on reasoning-heavy tasks (Vaswani et al., 2017; Brown et al., 2020; Touvron et al., 2023;
Wei et al., 2022; Kojima et al., 2022; Jaech et al., 2024; Guo et al., 2025). Their strict left-to-
right generation, however, limits decoding flexibility and inference parallelism. This has
motivated diffusion-based language models, which offer a different generation paradigm
with potential gains in controllability and speed (Hoogeboom et al., 2021; Shih et al., 2022;
Nie et al., 2025; Li et al., 2022; Schiff et al., 2025; Rojas et al., 2026; Labs et al., 2025; Wang
etal., 2025; He et al., 2026). Masked diffusion models (Austin et al., 2021a; Sahoo et al., 2024;
Shi et al., 2024), first scaled in vision (Chang et al., 2022; Han et al., 2022), have now been
extended to language and shown competitive quality (Lou et al., 2023; Gong et al., 2024;
Nie et al., 2025; Ye et al., 2025; Chandrasegaran et al., 2025).

Practical acceleration still requires decoding in only a few denoising steps while preserving
efficient Transformer inference (e.g., KV caching). Block diffusion (Arriola et al., 2025)
combines block-wise AR generation (for cache reuse) with within-block diffusion updates
(for parallelism), but few-step decoding remains difficult: the common mean-field, token-
factorized parameterization (Xu et al., 2024; Yoo et al., 2025; Zhang et al., 2025; 2026)
weakens sequence-level dependencies and can accumulate errors as steps decrease. Prior
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work addresses this with explicit sequence-level modeling. EDLM (Xu et al., 2024), for
example, introduces an AR energy model and uses self-normalized importance sampling
to steer denoising. While effective, this adds training and inference overhead. We instead
target a speed-first question: can we exploit AR structure at inference time, without extra
training, while keeping block-diffusion parallelism?

To study this question, we introduce S2D2, a training-free self-speculative decoding framework
for block-diffusion LMs. The key observation is that when block size is reduced to 1, a
block-diffusion model becomes autoregressive and can serve as a verifier. We therefore use
standard block-diffusion decoding as the drafter and block-size-1 decoding of the same
model as the verifier, enabling self-speculation without distillation, auxiliary models, or
architectural changes. Since verification adds one extra forward pass, we use lightweight
routing policies to invoke it only when worthwhile.

Beyond efficiency, our motivation is also algorithmic. Confidence-threshold decoding can be
brittle because acceptance relies on draft confidence alone. Speculative rejection sampling
instead uses verifier-normalized acceptance (via the probability ratio), providing a stronger
local test for committing drafted tokens. Our goal is not to exactly reproduce block-size-1
AR decoding; rather, we use AR verification as a local sequence-level critic inside a hybrid
diffusion trajectory.

Empirically, this simple design is often both faster and more accurate than strong dynamic
confidence-threshold baselines. Across three mainstream block-diffusion families, S2D2
improves the accuracy-speed frontier, especially in large-block regimes where standard
diffusion decoding is unstable. AR-ness diagnostics further support the view that our
verifier provides a stochastic, greedy AR-guided energy correction. Our contributions are
as follows:

¢ We introduce, to the best of our knowledge, the first training-free self-speculative decoding
method for block-diffusion language models by reusing the block-size-1 mode of the
same model as a sequence-level verifier.

¢ We develop a practical framework with self-verification masks and lightweight routing
policies, enabling plug-and-play acceleration for existing block-diffusion models without
additional training.

* Through experiments on five models from three major block-diffusion families, we show
that S2D2 often improves accuracy while also being faster than competitive dynamic
confidence-threshold baselines.

* We provide analysis connecting S2D2 to AR-guided residual energy correction, interpret-
ing speculative verification as a stochastic, greedy local preference for lower residual
energy.

2 Related Work

AR-diffusion hybrid language models. A key challenge for diffusion LMs is combining
parallel token updates with efficient Transformer inference. Block diffusion (BD3) (Arriola
et al., 2025) is the first successful AR-diffusion hybrid to combine block-wise AR generation,
within-block diffusion decoding, and KV caching, making few-step decoding practical. This
design underlies recent block-diffusion LMs such as LLaDA 2.x (Bie et al., 2025; 2026) and
SDAR (Cheng et al., 2025). Related hybrids include ReFusion (Li et al., 2025), which uses
diffusion to plan low-dependency blocks for parallel AR decoding, and Esoteric Language
Models (Sahoo et al., 2025), which combine any-order AR modeling with standard AR
decoding. We focus on training-free inference-time acceleration for existing block-diffusion.

Speculative decoding and self-speculation. Speculative decoding uses a drafter and
verifier with rejection sampling to accelerate generation while preserving the target model
distribution (Leviathan et al., 2023; Chen et al., 2023). In AR models, Draft & Verify (Zhang
et al., 2024) realizes self-speculation via a weakened version of the same model. In dif-
fusion LMs, ASSD (Guo & Ermon, 2025) verifies arbitrary token subsets via any-subset
AR modeling (Shih et al., 2022), but requires specific architectures (e.g., XLNet-style (Yang
et al., 2019)) and is not plug-and-play for most pretrained diffusion LMs. SSD for diffusion
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LMs (Gao et al., 2025) instead uses hierarchical batching over multiple prefix states. Our
approach is speed-first and training-free: we reuse the existing block-size-1 AR mode of
block-diffusion models for single-pass verification. Our routing policies are orthogonal and
could be combined with batching-based SSD.

Self-correction and sequence-level correction in diffusion LMs. Beyond verifier-based
rejection sampling, LLaDA2.1 (Bie et al., 2026) introduces token editing, which supports an
“unmask early, correct later” strategy but does not perform verifier-based sequence-level
acceptance. Our results show S2D2 is complementary to this mechanism. At a broader
level, EDLM (Xu et al., 2024) and density-ratio-based discrete diffusion methods (Lou et al.,
2023) also target sequence-level correction, but they rely on additional modeling or extra
multi-sample inference. In contrast, we reuse the same pretrained block-diffusion model in
AR mode as a local verifier, with no retraining.

3 Background

Block-wise autoregressive diffusion decoding. We use block-wise autoregressive gen-
eration with block size B. Given a prompt xy.,, decoding proceeds one block at a time:

initialize x¥ +— [MASK]B, decode it conditioned on the prompt and finalized blocks, and reuse

their KV cache (K, V) (Algorithm 2). Let M; = {i : x? = [MASK]} denote masked positions
at diffusion step t.

Following masked absorbing-state diffusion, the reverse transition from noise level ¢ to
s<tis

Po(zs | zt) = q(zs | zt,x = xg(z1,1)), 1)
where under the SUBS parameterization of MDLM (Sahoo et al., 2024), for a masked position
(zt = m),

B . 1 —a Ng — Kt
po(zs | ze =m) = Cat(zs, T athr 1w x@(zt,t)> . ()

Under SUBS, each masked position is independently unmasked with probability p;—s =

"‘f%ff and, if unmasked, assigned a token sampled from xg(z¢, t).

In practice, LLaDA (Nie et al., 2025) uses few-step confidence-based decoding instead of
directly sampling from (2): a draft pass produces token proposals £ and confidences p
from logits ¢, then masked positions are accepted by a fixed schedule or dynamic threshold
(Algorithm 2). Detailed discussion of this transition from MDLM posterior sampling to
LLaDA confidence-based decoding is deferred to Appendix A.2.

Speculative decoding for autoregressive models. Speculative decoding (SD) speeds up
autoregressive generation by letting a drafter propose multiple tokens and a verifier check
them in parallel (Leviathan et al., 2023; Chen et al., 2023). If the draft assigns probability
pi to proposed token £; and the verifier assigns g; under the target AR distribution, tokens

are scanned left-to-right and accepted with probability min (1, %) . At the first rejection, we

resample from the residual distribution (Ppver — Py)+ and end the speculative segment. The
procedure preserves the target AR distribution while often accepting multiple tokens per
verifier pass.

4 Method

41 Training-Free Self-Speculative Decoding for Block-Diffusion

S2D2 reuses a single block-diffusion model in two roles: standard block-diffusion decoding
acts as the drafter, and the same model with block size 1 acts as an autoregressive verifier.
This gives self-speculative decoding without auxiliary models, retraining, or architecture
changes (Figure 1). At each denoising step, the drafter proposes tokens £ with draft probabil-
ities p from logits ¢. Instead of immediately applying confidence-threshold acceptance, S2D2
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Figure 1: Overview of S$2D2. (a) Standard block-diffusion decoding accepts drafted tokens
by confidence thresholding. (b) S2D2 inserts a self-speculative verification step: the same
model under block-size-1 autoregressive masking verifies the first contiguous masked span,
accepts tokens by rejection sampling, and falls back to standard diffusion decoding when
verification is not invoked or terminates early. (c) Verification-mode attention masks for
right-shifted and standard position-aligned diffusion LLMs; we draw the full-block mask
for illustration, though in practice only C; is verified. (d) Lightweight routing policies decide
when verification is worth its additional cost.

optionally verifies the first contiguous masked span C;: we switch to block-size-1 masking,
compute verifier probabilities g on drafted tokens in C;, and run standard speculative accep-
tance left-to-right with probability min(1,q;/p;). At the first rejection, we resample from the
residual distribution (Pyver — Py) and terminate that speculative segment (Algorithm 3).

Because verification adds one extra forward pass, it is not always worthwhile (e.g., very
short candidate spans). $2D2 therefore uses lightweight verification routing policies to decide
when to verify and when to fall back to standard confidence-based diffusion decoding.
Section 4.2 details the verifier mask construction, and Section 4.3 presents routing policies.

4.2 Self-Verification Mode

We need verifier probabilities for drafted tokens under a block-size-1 autoregressive view,
while keeping one shared pretrained block-diffusion model. For a drafted span, the verifier
score at position i should condition on drafted tokens to its left and keep position i masked;
the key challenge is computing all such scores in parallel. For position-aligned diffusion
LLMs (e.g., LLaDA and SDAR), we use the standard “2L trick”: for a drafted span of length
L, concatenate the drafted tokens with an all-[MASK] copy at the same positions, and apply

A, 0
Myer = |:AL2 I£:| ’ (3)
where A is the causal mask, A its strict lower-triangular part, and I, the identity. This
yields all drafted-token verifier confidences in one forward pass (Figure 1(c)). For right-
shifted models (e.g., Dream and Fast-dLLM v2), the standard causal mask already provides
the verifier view.

Our setup is related to ASSD (Guo & Ermon, 2025), but ASSD requires any-subset AR
modeling and dedicated architecture/training; $2D2 is training-free and plug-and-play for
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existing block-diffusion models, at the cost of verifying only the first contiguous masked
span. Even if verification is invoked at every step, S2D2 is still not identical to decoding with
block size 1, since drafting and cache updates need not be fully causal under the original
block-diffusion attention pattern. Our optional partially causal drafting variant uses

MY j iB=j | @)
draft lej,j lej,ij

where j is the first masked position in the current block and xb< jis treated as committed.

Here A; € {0, 1}/*] is the causal mask on the committed prefix. The four block dimensions
are j X j, jx (B—1j), (B—j)xj,and (B —j) x (B —j), respectively. A visualization is
provided in Appendix Figure 4.

4.3 Verification Routing Policies

Verification is useful only when the expected gain from accepting multiple tokens offsets one
extra verifier forward pass. We therefore use lightweight routing to decide, at each diffusion
step, whether to verify the first contiguous masked span C; or fall back to confidence-based
diffusion decoding (Figure 1(d), Algorithm 4).

Expected accepted prefix length. Let C; = (1,..., L) after local reindexing. We estimate
the expected accepted prefix length as

L k

K=Y T]a @)
k=1i=1

where a; € [0,1] approximates the acceptance probability at position i. We use two proxies:

a margin-based form a; = 1[m; > Tmargin| (With m; the top-1 minus top-2 draft probability),

and an entropy-based form «; = exp(—pH;) with H; = H;/log V. Additional estimators

are deferred to Appendix A.5.

Routing scores and policies. We map K to a verification score using either
s = K — ¢ (static), s=K—c-Ny (dynamic), (6)

where c is a cost hyperparameter and Np; counts high-confidence tokens in the current block
(i-e, Ny = [{i € M; : p; > t}] at diffusion step). We then use one of the following policies:

* Minimum-span: invoke verification when |C;| > Tspan- Despite its simplicity, this rule
is often surprisingly effective and flexible. For example, setting Tspan = 1 always enables
verification, setting Tspan = B/2 focuses verification on earlier steps with longer spans,
and setting Tspan = B restricts verification to only the first step of a block.

* Score-threshold: invoke verification when s > Tgcore, using confidence structure rather
than span length alone.

* Hysteresis: let h € {ON, OFF} denote the hysteresis state. If 1 = ON and s < T, set
h < OFF; if h = OFF and s > Ton, set h < ON. Verification is invoked iff 1 = ON. The
motivation is to avoid oscillation between speculative and diffusion modes.

¢ Contextual bandit: we also study a UCB-style contextual bandit router as an additional
policy (Auer et al., 2002); details are deferred to Appendix A.6.

4.4 Analysis

We summarize how S$2D2 relates to AR-guided residual energy correction. Additional
derivations and discussion are deferred to Appendix A.3.

Not equivalent to global autoregressive decoding. S2D2 uses block-size-1 AR mode only
as a local verifier. Verification is applied only on the first contiguous masked span C;, can be
skipped by routing, and stops at the first rejection; after that, decoding returns to diffusion
with residual resampling. Drafting and KV caching are still generally produced under
block-diffusion attention, so the overall trajectory is hybrid rather than globally causal.
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Connection to AR-guided residual energy correction. EDLM (Xu et al., 2024) defines a
residual energy over diffusion proposals as

Ey(x0,xt) = —log par(xo | xt) +1log pg(xo | xt) —log Z. )

Both EDLM and $2D2 exploit AR-vs-diffusion discrepancy, but differently: EDLM uses global
multi-sample reweighting, while $2D2 applies online local correction through speculative
acceptance and residual resampling.

Remark 1 (Local energy-guided interpretation). Let p; be the draft probability of sampled
token £; and g; its verifier probability under block-size-1 AR mode. The local residual energy
and acceptance form are

Ei(%;) := —logg; +logp;,  min (1, Z) = min(1, e Fi(%)), 8)
1
Thus, lower-residual-energy drafted tokens are more likely to be accepted, while higher-
energy mismatches are corrected via residual resampling.

This also explains the objective difference: EDLM spends extra test-time compute for quality
via global reweighting, whereas S2D2 is designed for acceleration and invokes verification
only when expected gain likely amortizes the extra verifier pass.

5 Experiments

Experimental setup. Detailed evaluation setup, including prompt templates and task-
specific answer/code extraction, is provided in Appendix A .4.

Models. We evaluate S2D2 on five models from three block-diffusion families: SDAR (Cheng
etal., 2025) (1.7B/4B/8B), Fast-dLLM v2 (Wu et al., 2025), and LLaDA2.1 (Bie et al., 2026).
SDAR and Fast-dLLM v2 are adapted from autoregressive models, whereas LLaDA is
trained from scratch. These cover both position-aligned (SDAR, LLaDA) and right-shifted
(Fast-dLLM v2) architectures.

Benchmarks. We report results on GSM8K (Cobbe et al.,, 2021) (math reasoning),
MBPP (Austin et al., 2021b) and HumanEval (Chen, 2021) (code generation), and IFE-
val (Zhou et al., 2023) (instruction following).

Decoding baselines. We compare against standard block-diffusion decoding across block
sizes, denoising steps, and static/dynamic confidence schedules. Speedups are reported
against the autoregressive baseline (block size 1), except for Fast-dLLM v2 where we use
B =4, SB = 1 because B = 1, SB = 1 is unreliable.

5.1 Main Results

Results on SDAR. Table 1 reports accuracy-speed tradeoffs on SDAR-1.7B/4B/8B across
GSMS8K, MBPP, HumanEval, and IFEval. Here, B denotes block size. Standard SDAR
decoding is most reliable at small B (especially B = 4 or 8), so we use static/dynamic
confidence decoding with B = 4 as the diffusion baseline.

For S2D2, we report two operating points per model: config-A (accuracy-oriented) and
config-B (speed-oriented). For SDAR-1.7B, config-A uses B = 4 with minimum-span routing
(Tsparl = 2), while config-B uses B = 32 with always-on speculative verification and AR
caching. For SDAR-4B, config-A uses B = 16 with always-on verification and AR caching,
and config-B uses B = 32 with the same strategy. For SDAR-8B, config-A uses B = 4
with score-threshold routing (Tscore = 0, static score with ¢ = 1) and AR caching, while
config-B uses B = 16 with always-on verification and AR caching. Across most settings,
both configs outperform the dynamic confidence-threshold baseline while remaining faster.
Config-A usually gives the best overall accuracy-speed balance, whereas config-B gives
larger speedups with a modest accuracy tradeoff. A representative highlight is SDAR-1.7B
(config-B): S2D2 reaches 4.7 x speedup over AR decoding, i.e., about 1.57 x over dynamic
decoding (4.7/3.1), while improving average accuracy by 4.5 points (52.9 vs. 48.4).
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Figure 2: AR-ness (@k, k = 2) and decoding-confidence statistics on GSM8K and MBPP. Top
row: local and global AR-ness for SDAR-8B-Chat and LLaDA 2.1. Bottom row: normalized
decoded-token confidence under static and dynamic diffusion decoding; dashed curves in
dynamic decoding indicate the number of decoded tokens per step. Reference accuracies

(GSMB8K, MBPP): SDAR-8B-Chat, AR (89.3%, 64.4%) and diffusion (89.6%, 61.0%); LLaDA

2.1, AR (90.8%, 65.8%) and diffusion (90.8%, 67.8%).
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Figure 3: Accuracy versus wall-clock time for SDAR-8B-Chat on GSM8K and MBPP. ITS
denotes inference-time scaling, the ITS trend curve is fitted on points with accuracy > 30%.
Across block sizes, denoising steps, and decoding schedules, S2D2 generally achieves a
better accuracy-speed frontier than BD3.

Results on Fast-dLLM v2. Table 2 reports results on Fast-dLLM v2 with fixed block size
B = 32 and varying sub-block size SB € {4,8,16,32}. (Here, B is block size and SB is
sub-block size.) The case SB = 32 corresponds to standard block-diffusion decoding (config-
C). Because Fast-dLLM v2 is unreliable at B = 1,5SB = 1, we use B = 4,SB = 1 as the
autoregressive-style baseline.

For the diffusion baseline, we keep the default dynamic-threshold style and fix T = 0.9, with
configs A/B/C at SB = 4/8/32; sub-block caching is disabled since it is not lossless here.
For S2D2, config-A uses SB = 4 with hysteresis routing (Ton = 1, Togf = —5) and dynamic
score (c = 1), config-B uses the same policy at SB = 16, and config-C uses minimum-span
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Table 1: Main accuracy and speedup results on the SDAR family. Speedups are measured
relative to the autoregressive baseline. For each model, we report standard diffusion
decoding at the strongest baseline block size and two representative S2D2 settings: config-A
for higher accuracy and config-B for higher speed.

Method GSMS8K MBPP HumanEval IFEval Avg
SDAR-1.7B-Chat
AR 763 (1.0x) 484 (1.0x) 62.2(1.0x) 38.6(1.0x) 56.4(1.0x)

)
Diffusion (static) ~ 77.9 (1.7x) 13.6(1.3x) 51.8(1.9x) 433 (2.1x) 46.7 (19x)
Diffusion (dynamic) 772 (2.7x) 21.6(1.3x) 51.8(3.4x) 43.0(3.8x) 484 (3.1x)
)
)

$2D2 (config-A) 774 (2.3x) 454 (15x) 48.8(23x) 46.2(2.7x) 54.4 (2.5%)
$2D2 (config-B) 73.8 (4.3x) 444 (29x) 524 (41x) 41.1(52x) 529 (4.7x)

SDAR-4B-Chat
59.6 (1.0x) 75.6 (1.0x) 543 (1.0x) 69.5(1.0%)

)
Diffusion (static) 89.0 (1.4x) 57.2(1.5x) 73.8(1.3x) 51.0(1.8x) 67.7(1.7x)
Diffusion (dynamic) 889 (2.7x) 55.6 (21x) 73.8(1.9x) 517 (3.7x) 67.5(3.1x)
)
)

AR 88.5 (1.0x

$2D2 (config-A) 87.5(3.7x) 56.0 (1.3x) 69.5(3.1x) 59.5(4.1x) 68.1(3.6x)
$2D2 (config-B) 87.4 (43x) 57.0(23x) 68.3(33x) 56.7(51x) 67.4(4.5%)

SDAR-8B-Chat
AR 89.3(1.0x) 64.4(1.0x) 75.6(1.0x) 57.7(1.0x) 717 (1.0%)

)
Diffusion (static) 89.6 (14x) 61.0(14x) 79.3 (1.6x) 524 (1.6x) 70.6(1.5x)
Diffusion (dynamic) 89.3 (2.6x) 60.6 (2.1x) 78.0(29x) 54.0(27x) 70.5(2.6x)
)
)

$2D2 (config-A) 89.6 (2.0x) 62.0 (2.1x) 78.7(22x) 60.1(22x) 72.6(2.1x)
$2D2 (config-B) 88.3(3.8x) 61.4(2.8x) 744(32x) 60.9(3.9x) 713 (3.7x)

Table 2: Main accuracy and speedup results on Fast-dLLM v2. We fix block size B = 32
and vary the sub-block size SB. Speedups are measured relative to the autoregressive-style
baseline B = 4,SB = 1. Config-C corresponds to the normal BD3 without sub-blocks.

Method GSM8K MBPP HumanEval IFEval Avg

AR 85.1 (1.0x) 51.8(1.0x) 329 (1.0x) 67.7(1.0x) 59.4 (1.0x)
Diffusion (config-A) 84.8 (2.5x) 50.6 (2.3x) 14.6(1.4%x) 63.1(1.6x) 53.3(2.1x)
Diffusion (config-B) 83.2(3.3x) 47.8(29x) 11.0(1.5x) 61.6(1.9%x) 50.9 (2.7x)

$2D2 (config-A) 83.8 (1.6x) 48.8(2.0x) 21.3(1.5x) 627 (1.3x) 54.2(1.6x)
$2D2 (config-B) 842 (3.0x) 45.0(3.7x) 22.0(2.0x) 64.0(19x) 53.8(2.8x)

)
)
)
Diffusion (config-C, SB=32) 78.3 (3.5x) 462 (3.6x) 85(1.7x) 59.4(1.9%) 48.1(2.9x)
)
)
$2D2 (config-C, SB=32) 82.0(3.9x) 45.6(3.8x) 19.5(25x) 63.2(1.8x) 52.6(3.1%)

routing with Tgpan = 8 at SB = 32. Compared with the diffusion baseline, S2D2 consistently
improves the frontier: config-A improves accuracy with only minor speed loss, config-B
improves both accuracy and speed, and config-C recovers much of the large-SB accuracy
drop while still adding speedup. In particular, at config-C (SB = 32), S2D2 is about 1.07 x
faster than dynamic decoding (3.1x vs. 2.9x) with a +4.5-point average accuracy gain.

Results on LLaDA2.1. Table 3 reports preliminary GSM8K/MBPP results on LLaDA2.1-
Mini (Bie et al., 2026). Unlike standard block-diffusion models, LLaDA supports token
editing: previously unmasked tokens can be revised when confidence exceeds T.qi;. This
enables an “unmask early, correct later” behavior that is related in spirit to self-speculation,
but without rejection sampling.
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Table 3: Accuracy and speedup results on LLaDA2.1-Mini. Speedups are measured relative
to the AR baseline. We compare the built-in editing-based diffusion decoder against S2D2
under two threshold settings.

Block-Size = 1 (AR) Tmask = 1, Tedit = 0.9
Method GSMSK MBPP Avg GSMSK MBPP Avg
Diffusion 90.8 (1.0x) 65.8(1.0x) 783(1.0x) 90.8(0.6x) 67.6(0.5x) 79.2(0.5x)
Tmask = 0.7, Tegit = 0.5 Tmask = 0.95, Tegit = 0.9
Diffusion 89.6 (2.7x) 57.8(2.8x) 73.7(2.7x) 91.0(1.7x) 66.4(1.8x) 78.7(1.7x)
$2D2 90.8 (2.2x) 64.0(2.1x) 774(2.1x) 89.8(21x) 68.8(22x) 79.3(2.2X)

We evaluate two settings: quality mode (Task = 0.7, Teqit = 0.5) and a conservative setting
(Tmask = 0.95, Tegit = 0.9). In quality mode, S2D2 improves average accuracy over diffusion
(77.4% vs. 73.7%) with moderate speed loss. In the conservative setting, S2D2 improves both
accuracy (79.3% vs. 78.7%) and speedup (2.2x vs. 1.7x), i.e., about 1.3 x faster with +0.6
points. Relative to the static baseline under the same setting (0.5, 79.2%), this is 4.4 x faster
with slightly higher accuracy (+0.1); note that this static baseline is itself slower than AR
(0.5x vs. 1.0x). Overall, S2D2 appears complementary to LLaDA’s built-in self-correction.

5.2 Analysis and Ablation

Decoding behavior analysis. We analyze baseline diffusion behavior using DiffuCoder
local/global AR-ness metrics (Gong et al., 2025), where 1 corresponds to exact left-to-right
autoregressive decoding, together with decoded-token confidence; for dynamic decoding,
we also report tokens decoded per step (Figure 2). For LLaDA2.1, we disable editing by
setting T.qit = 1. Additional plots are in Appendix Figures 5 and 6d.

AR-ness shows a task dependence: for SDAR, it is higher on MBPP than GSM8K, while
for LLaDA 2.1 the trend reverses. This matches the relative competitiveness of AR versus
diffusion decoding across tasks. Confidence trajectories also differ: SDAR confidence
typically rises over decoding, whereas LLaDA often starts high and drops near the end,
suggesting stronger AR structure in mathematical reasoning than in code generation.

Inference-time scaling trend. Figure 3 shows accuracy versus wall-clock time on SDAR-
8B-Chat across block sizes B, denoising steps S, schedules, and mask-span settings. $2D2
generally stays on a better frontier and exhibits flatter inference-time scaling than standard
diffusion decoding, especially at larger block sizes where the baseline degrades.

Additional ablations. Further ablations on token acceptance estimators, routing poli-
cies, and rejection-ratio tempering are provided in Appendix A.5, Appendix A.7, and
Appendix A.8.

6 Conclusion

We introduced S2D2, a training-free self-speculative decoding framework that reuses a single
pretrained block-diffusion model in two modes: standard block-diffusion decoding as the
drafter and block-size-1 autoregressive decoding as the verifier. Across multiple block-
diffusion families, this plug-and-play design consistently improves the accuracy-speed
tradeoff, often delivering both higher accuracy and lower latency than strong dynamic
confidence-thresholding baselines. Our analysis suggests speculative verification acts as
a local sequence-level correction mechanism that can be viewed as a stochastic, greedy
form of autoregressive energy correction, and we hope this perspective encourages further
training-free inference-time methods for diffusion language models.
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A Appendix

A1 Algorithm details

Algorithms 1-4 form the full decoding pipeline. Algorithm 1 is the shared outer loop
for block-wise autoregressive decoding, used by both standard diffusion decoding and
$2D2. Within this loop, Algorithm 2 defines dynamic confidence-thresholded diffusion
decoding; static decoding is recovered by setting T = 1. Algorithm 3 is our self-speculative
block sampler, which adds verifier-based acceptance on top of the same block framework.
Algorithm 4 specifies the routing procedure DOVERIFY used by Algorithm 3 to decide when
verification is invoked.

Algorithm 1 Block-wise autoregressive decoding

Require: Prompt x1.,,, model xy, block size B, block sampler SAMPLEBLOCK
Ensure: Generated sequence x
1. x4+ x1., K, VO
2: while generation not finished do
3: Initialize a new block x? < [MASK]®
x? < SAMPLEBLOCK (xg, x, K, V)
@,Kb, Vb« xq(xP)
X x @b
(K, V) + (Ka K, va V))
end while
return x

RN A U

Algorithm 2 SAMPLEBLOCK for standard BD3

Require: Model x, masked block x?, KV cache (K, V), diffusion steps T, confidence thresh-
old t
Ensure: Decoded block x”
1: fort =1to T do
if x” has no [MASK] then
3 break
4: end if
5. £+ x9(xl;K, V) {draft forward}
6: (%, p) < SAMPLEFROMLOGITS(/)
7
8
9

M; + {i:xt = [MASK]}
St%{l‘EMtipi>T}
: St + SyU {argmax;ep, pi}
10: x§ « %,
11: end for

12: return x’

Optional AR-like drafting/caching mask. Figure 4 visualizes the optional partially causal
drafting/caching mask used to make the trajectory more AR-like. The mask definition is
given in Eq. 4 in Section 4.2.

A.2 From MDLM posterior sampling to LLaDA confidence-based decoding

For absorbing-state discrete diffusion, the reverse transition under the SUBS parameteriza-
tion of MDLM (Sahoo et al., 2024) is

pe(zs | zt) = q(zs | zt,x = xg(21,t)). ©)

For a masked position z; = m, Eq. (2) can be equivalently interpreted as a two-stage
procedure: first, sample whether the position remains masked or becomes visible with

14
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Algorithm 3 SAMPLEBLOCK for S2D2

Require: Model xy, masked block xt, KV cache (K, V), diffusion steps T, confidence thresh-
oldt
Ensure: Decoded block x?
1: fort =1to T do
if x¥ has no [MASK] then
3 break
4 end if
5. £+ x9(xl;K, V) {draft forward}
6: (%, p) < SAMPLEFROMLOGITS()
7
8
9

M; + {i:xb = [MASK]}
C; < first contiguous mask span in M;
if DOVERIFY(x?, £, p, My, C;) then

10: 7 b, Xlét « 2,
11: 0ver — xpR(#0,K, V) {verifier forward }
12: (- q) < SCOREFROMLOGITS(£V", %¢,)
13: S;+— @
14: for i € C; from left to right do
15: Draw r ~ U[0,1]
16: if r < min(1,4;/p;) then
17: St + St U{i}
18: else
19: Resample %; ~ (Pper — Py) 4
20: S+ S;U {l}
21: X — X
22: break
23: end if
24: end for
25: xg s,
26: else
27: St<—{i€Mthi>T}
28: St <= Sy U {argmax;ep, pi}
29: x§ s,
30: endif
31: end for
32: return x”
( (a) Training-Free Self-Speculative Decoding h [(b) Attention Masks )

[a[eTeTale[efmmy] [aeTeTaleTe]o n] || ™ “Frums

4 \d . He +
Cached Coched
DCached blocks D Masked in current block Dunmasked in current block Position id Mask tokens Acceptedtokens |11 Atlow attention ]l No atention

Figure 4: Drafting and caching with autoregressive attention masks.

probability
Ng — Nt
1-— ot !

(10)

Pt—s =

and second, if the position is unmasked, sample its token from the model prediction xg(z¢, ).
Thus, exact reverse sampling factorizes across masked positions.
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Algorithm 4 DOVERIFY: verification policies

Require: Block x?, draft logits ¢, draft confidence p, masked positions M;, first contiguous
mask span Ct, thresholds Tspan, Tscore, Ton, Toff, hysteresis state h
Ensure: Boolean decision d € {True, False}
Minimum-Span Policy
1: return (|Ct| > Tspan)
Score-Threshold Policy

1: s + COMPUTEVERIFYSCORE(x?, ¢, p, My, Cy)
2: return (s > Tscore)

Hysteresis Policy

s + COMPUTEVERIFYSCORE(x?, £, p, M, C;)
if 1 = ONand s < T4 then
h < OFF
else if 1 = OFF and s > T, then
h < ON
end if
return (b = ON)

In contrast, LLaDA decoding (Nie et al., 2025) typically operates in a few-step regime and
does not directly sample from this factorized posterior. Instead, after a draft forward pass,
it selects which positions to unmask using token confidence, either according to a fixed
schedule or a dynamic threshold. This can be viewed as replacing independent Bernoulli
reveal decisions with a confidence-prioritized selection rule.

We find this interpretation useful for understanding why confidence-based decoding often
works well in practice. First, the exact reverse posterior in Eq. (2) is conditionally factorized
across positions, which introduces a mean-field approximation at the block level. In the
few-step regime, confidence-based selection partially mitigates this approximation by in-
troducing dependence among positions through competitive reveal decisions: instead of
revealing positions independently, the decoder preferentially commits to the most reliable
tokens first. Second, posterior sampling in diffusion can be viewed as approximating an in-
tractable integral using Monte Carlo samples, as discussed in diffusion posterior sampling
(DPS) (Chung et al., 2022). From this perspective, practical decoding effectively uses a single
sample to approximate the reverse update, and choosing the highest-confidence proposals
can reduce the approximation error of this one-sample estimator. Dynamic confidence
thresholding strengthens this effect by adaptively revealing as many positions as possible
once their confidence exceeds a preset threshold, yielding substantial acceleration while
usually preserving generation quality.

A.3 Connection to residual energy

We further clarify the connection between $2D2 and AR-guided residual energy correction.

Residual energy and speculative acceptance. EDLM defines a residual energy over diffu-
sion proposals of the form

Eyp(xo,xt) = —logq(xo | xt) +log pg(xo | xt) —logZ
= —logq(xo) +log ps(xo | x¢) + (logq(%o) —log Z), (11)
where g(x) denotes the autoregressive verification density and py(xo | x;) is the diffusion

proposal distribution (Xu et al., 2024). Ignoring the additive constant logg(%y) — log Z,
(where ¥ is the unmasked tokens in x;) this is exactly the negative log density ratio:

q(xo)

————— up to an additive constant. (12)
polxo [ %) P

E(/,(xo, xt) = — log
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In our setting, for a drafted token %;, let p; denote the draft probability under the diffusion
forward pass and let g; denote the verifier probability under the block-size-1 autoregressive
mode. Then the local residual energy

Ei(%) := —logq; +log p; = —log % (13)

1

is exactly the same discrepancy used in speculative decoding, since

min (1, ”“) — min(1, e Ei(®)). (14)
i

Thus, S2D2 and EDLM rely on the same AR-vs-diffusion discrepancy, but use it differ-

ently: EDLM uses it for global importance reweighting, while S2D2 uses it online through

speculative acceptance and residual resampling.

NCE and a JSD-style interpretation. EDLM fits its AR-parameterized residual model
using a noise-contrastive objective. Writing the EDLM NCE loss explicitly,

L Py (x+)
Lnce(950) = = Ex | q(s]x,%) {loga(log pg(x+|xt)>}

—Ey < p(aolx) [log (1 — (7(log m>)} . (15)

This has the same binary likelihood-ratio form as Direct Discriminative Optimization (DDO)
(Zheng et al., 2025): positive samples are drawn from the true data posterior, while negative
samples are drawn from the diffusion proposals. Under sufficient model capacity, the
optimum is attained when the learned AR residual model matches the posterior. In this
sense, the NCE objective admits a J[SD-style interpretation through its binary likelihood-ratio
form.

Relation to block-diffusion training. This perspective is complementary to standard
diffusion training. Block-diffusion models are trained by optimizing the usual ELBO, which
matches the reverse conditional to the posterior through a KL objective. In particular, the
block-size-1 mode is not a separately trained energy model, but an extreme autoregressive
conditional induced by the same diffusion model family. This does not imply that it exactly
recovers the EDLM AR residual model. However, since both EDLM and block-diffusion
training are ultimately driven by approximating the same posterior object from different
variational viewpoints, the block-size-1 autoregressive mode provides a natural in-family
proxy for an AR energy model.

A stochastic greedy interpretation. Finally, Eq. (14) suggests an optimization-style inter-
pretation of speculative decoding. Since the acceptance probability is monotone in —E;(%;),
drafted tokens with lower residual energy are more likely to be accepted, while higher-
energy mismatches are more likely to be rejected and corrected by residual resampling.
Therefore, although speculative decoding is not equivalent to exact energy minimization, it
can be viewed heuristically as a stochastic, greedy local procedure that prefers lower-energy
proposals. Under this view, $2D2 may be interpreted as an online local approximation to
AR-guided energy correction.

A.4 Evaluation setup details

By default, we use 1Im-eval-harness (Gao et al., 2024). We switch to our own scripts when
task formatting or extraction robustness is critical.

GSMS8K. For all models, we use our own script for more robust formatting handling and
answer extraction than the default harness path. The system prompt is:

Solve the following math problem concisely and clearly and put your final
answer within \boxed{}.
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MBPP and HumanEval. For LLaDA 2.1 on MBPP, we find the model does not reliably
follow the [BEGIN] function-completion format expected by 1m-eval-harness, which can
lead to near-zero/zero measured accuracy if used directly. We therefore use our own script
with more robust code extraction. The system prompt is:

You are an expert Python programmer. Write only the function code, no
explanations.

For SDAR, we also evaluate HumanEval with our own script for the same format-
ting/extraction reason.

Summary of evaluation backends. Our own scripts are used for: GSM8K (all mod-
els), MBPP (SDAR and LLaDA2.1-Mini), and HumanEval (SDAR). Other settings use
1m-eval-harness (Gao et al., 2024). (By default, Im-eval-harness uses few-shot prompting
on MBPP))

Ablation subset. For ablations, we use the same fixed 200-sample subset of GSM8K across
compared methods.

A.5 Additional ablations on token acceptance estimators

We further ablate several lightweight estimators for the accepted prefix length predictor
in Eq. (5). In addition to the two estimators used in the main text, we test four additional
variants and a random baseline. Results are shown in Table 4.

Setup. We evaluate these estimators on SDAR-8B-Chat using 50 samples from GSM8K
and 50 from MBPP. We invoke speculative decoding at every denoising step and compare
the estimated accepted prefix length K against the actual accepted prefix length under
verification. We report signed error, error standard deviation, and mean absolute error
(MAE).

Findings. Hard margin thresholding gives the most accurate estimates. In particular, a; =
1[m; > Tmargin] With Tmargin = 0.1 achieves the lowest MAE in Table 4. However, margin-
based estimators are more sensitive to calibration, and the best threshold can vary across
models and sampling settings. Moreover, better estimation accuracy does not necessarily
imply better downstream decoding accuracy. Although hard margin thresholding is the
most accurate estimator in Table 4, the soft entropy-based estimator yields higher average
task accuracy across block sizes in Tables 7 and 8. For this reason, we use the soft entropy-
based estimator, a; = exp(—pBH;), in the main experiments. It is simpler to use, less tied to
model-specific calibration, and empirically more effective in our routing setup. Table 4 also
suggests that more accurate, better-calibrated estimators may yield further gains.

A.6 Contextual-bandit routing policy

As an additional adaptive routing baseline, we implement a simple contextual-bandit policy
based on upper confidence bounds (UCB). At each decoding decision, the policy chooses
between two actions, a € {0,1}, where a = 0 denotes standard diffusion decoding without
verification and a = 1 denotes invoking speculative verification.

Let b; denote the context bucket at decision step ¢. The UCB policy selects

Ma,by

. log t
a; = argmax (#a,bt +B 8 ) , (16)
where fl, ; is the empirical mean reward of action a in context bucket b, 1, j, is the number

of times that action has been taken in that bucket, and B controls exploration. The empirical
mean reward is computed as

. 1
flop = Z Ts, ngp = #{s:as = a, bs = b}. 17)

Map s:as=a, bs=b
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Table 4: Token acceptance estimator ablation. We report signed error (Mean Error), error
standard deviation (Std Error), and mean absolute error (MAE) for predicting accepted
prefix length. Lower absolute error is better.

Config Mean Error Std Error MAE
Random baseline «; ~ U0, 1]

- -8.014 10.293 8.129
Soft entropy estimator &; = exp(—BH;)
B=05 -0.445 8.598 5.843
B =075 -1.956 8.872 5.279
B=10 -2.861 9.031 5.084
=125 -3.471 9.129 5.059
B=15 -3.686 8.969 4.901
Confidence-power estimator «; = p?“"“‘
Yeons = 0.5 -4.107 8220  4.660
Yeont = 0.75 4.838 8543 5113
Yeont = 1.0 5.372 882 5564
Yeont = 1.25 5.528 8787  5.654
Yeons = 1.5 5.724 8824 5825
Rényi-2 entropy estimator a; = ¥, p;(v)?

- -5.870 8.922 5.961
Hard-entropy threshold «; = 1[H; < Ten]
Tent = 0.01 -7.631 9.489 7.634
Tent = 0.02 -7.271 9.425 7.276
Tent = 0.05 -6.505 9.305 6.535
Tent = 0.1 -5.516 9.260 5.732
Tent = 0.2 -3.333 8.931 4.835
Hard-margin threshold «; = 1[m; > Trargin]
Tmargin = 0.01 4.240 5.871 4.367
Tmargin = 0.02 2.593 4.359 2.868
Tmargin = 0.05 0.953 2898 1599
Tmargin = 0.1 0.065 2476 1.245
Tmargin = 0.2 0.823 2829 1371

Following our implementation, the reward is defined as

2, if verification is invoked,

decoded_this_step
r= .
1, otherwise.

, time_cost = { (18)

time_cost

We use a simple discretized context tuple consisting of: (i) span-length bin for the first
contiguous masked span, linearly partitioned from 1 to block size; (ii) decoding-progress
bin, measured by the fraction of already unmasked tokens in the current block; and (iii)
entropy bin, computed from normalized token entropy. By default, we use two bins for
each dimension. We report the ablation results for different context tuples and exploration
coefficients in Table 10. In our experiments, this contextual-bandit policy serves as a
representative simple training-free reinforcement learning baseline. Although adaptive, it is
more involved than the threshold-based policies and was not the best-performing routing
strategy in our setting.
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A.7 Ablation on routing policies

We provide a comprehensive ablation of routing policies on SDAR-8B-Chat over GSM8K
and MBPP, using 200 samples from each dataset. We evaluate block sizes B € {4, 8,16,32}.
The corresponding BD3 baseline (Arriola et al., 2025) results are reported in Table 5.

Minimum-span policy. Table 6 reports the ablation of the minimum-span policy, where
verification is invoked whenever the first contiguous masked span satisfies |C¢| > Tspan- We
sweep Tspan € {1,2,4,...,B — 1}. Figure 3 further plots the cases Tspan € {1,2} together
with different denoising steps S, showing that S2D2 generally lies in the upper-left region of
the accuracy—speed tradeoft.

Score-threshold policy. For the score-threshold policy, we study two choices of accepted-
prefix estimator. Table 7 uses the soft entropy-based estimator (8 = 1), while Table 8 uses the
hard confidence-margin estimator (Tmargin = 0.05). Across most settings, both score-based
variants outperform the BD3 baseline in accuracy under the same block size, with the gains
being especially pronounced at larger block sizes B = 16 and B = 32.

Comparing the two estimators, the entropy-based estimator consistently achieves higher
downstream accuracy than the margin-based estimator across all block sizes. This is notable
because, as shown in Table 4, the hard margin estimator is more accurate at predicting
accepted prefix length.

Hysteresis policy. Table 9 reports the ablation of the hysteresis-based routing strategy.
Compared with the plain score-threshold policy, hysteresis introduces temporal consistency

by using different thresholds for turning verification on and off.

Contextual-bandit policy. Finally, Table 10 reports the UCB-style contextual-bandit rout-
ing policy. More implementation details are given in Appendix A.6.

Table 5: Baseline BD3 results with static and dynamic confidence-based unmasking.

Config B=1(AR) B=4 B=s B=16 B3z
GSMBK. MBPP Avg GSMSBK MBPP Avg GSMSK MBPP Avg GSMBK MBPP Avg GSMSBK MBPP Avg

Static 89.0(1.0x) 63.6(1.0x) 763(1.0x) 905(1.5x%) 62.6(1.5%) 76.6(1.5x) 90.5(1.8x) 50.8(1.7x) 70.7(1.7x) 89.0(1.6x) 36.2(1.7x) 62.6(1.6x) 86.0(L.4x) 124(15x) 49.2(1.4x)

Dynamic - - - 91.0(29x) 608 (20%) 759 (24x) 905(33x) 53.6(2.6x) 72.0(3.0x) 860 (3.4x) 49.0(28x) 67.5(31x) 83.0(3.2x) 43.6(28x) 633 (3.0%)

Table 6: Ablation of the minimum-span policy. We vary the minimum contiguous mask-span
threshold Tspan.

Topan B=4 B=8 B=16 B=32
GSMBK MBPP Avg GSMBK MBPP Avg GSMSK MBPP Avg GSMBK MBPP Avg

90.0 (1.9x) 61.8(19%) 759 (1.9x) 90.0(29x) 612(25x) 756(27x) 90.0(35x) 614(3.0x) 757(32x) 89.5(47x) 59.8(32x) 74.6(3.8x)

91.5(21x) 596 (20%) 756(2.0x) 920(32x) 60.6(25x) 763 (28x) 90.0(39x) 61.0(29x) 755(33x) 93.0(48x) 586(3.4x) 758 (4.0x)

1
2

3 93.0(19x) 61.2(1.9%) 77.1(1.9x) - - - - - - - - i

4 - - - 91.5(33x) 60.4(28%) 760(3.0x) 915(41x) 59.4(3.0x) 754(3.5x) 915(48x) 5883.1x) 752(3.8%)
7 z
8

91.5(32x) 58.8(26x) 75.2(2.9x) -
- - - 90.0(4.3x) 580 (28x) 74.0(34x) 920(47x) 610(32x) 76.5(3.8x)
- - - 885 (4.1x) 568 (27x) 726 (3.3x) - - -
- - - - - - 855 (4.1x) 552(29%) 70.3 (3.4x)
- - - - - - 845(3.8x) 504 (28%) 67.5(3.2x)

—
2N

[

[

[ |

A.8 Ablation on rejection-sampling ratio tempering

Ratio tempering. Table 11 studies tempering of the rejection-sampling ratio, replacing
qi/ p; with (g;/ p;)”. Smaller v makes acceptance more aggressive, while larger -y makes it
more conservative. We observe that a slightly larger value, e.g. v = 1.25, can give a small
accuracy improvement in some settings, especially for config-B, but typically with a minor
speed degradation. Overall, the default choice v = 1 already provides a good tradeoff and
is used in the main experiments.
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Table 7: Ablation of score-threshold policies with entropy-based token acceptance estimator.
Static score uses s = K — ¢; dynamic score uses s = K—c- Ny

Tycore € B=4 B=8 B=16 B=32
GSMBK MBPP Avg GSMSK MBPP Avg GSMSK MBPP Avg GSMSK MBPP Avg

Static scores = K — ¢

90.0(20x) 620 (19x) 760 (20x) 925(33x) 62.6(26x) 77.6(29x) 90.0(3.6x) 59.0(29x) 745(32x) 89.5(47x) 59.8(3.4x) 746 (4.0x)
93.0(21x) 620(20x) 77521x) 91.5(28x) 62.6(24x) 77.0(2.6x) 91.0(40x) 59.8(32x) 754(36x) 90.0(42x) 57.0(32x) 73.5(3.7x)
93.0(23x) 61.8(20x) 774(21x) 91.5(3.0x) 612(25x) 764 (2.8x) 905(42x) 614(3.0x) 760(35x) 90.0(39x) 59.8(3.0x) 749 (3.4x)

90.0 (22x) 620(20x) 760 (21x) 900(3.0x) 612(25x) 756(27x) 905@2x) 614(32x) 760(B.7x) 900 (44x) 59.8(31x) 749 (3.7x)
920 20x) 622(1.9x) 77.1(20x) 905(33x) 61.8(28x) 762(3.0x) 895(38x) 59.4(3.0x) 744(33x) 920(47x) 60.8(34x) 764 (40x)
89.5(20x) 63.8(20x) 766(20x) 94.0(34x) 60.6(28x) 773(3.1x) 91.0(3.6x) 624(28x) 767(32x) 87.5(45x) 582(33x) 728(39x)

920(23x) 622(20x) 77.1(21x) 885(33x) 61.8(27x) 752(3.0x) 905(B.6x) 59.4(29x) 750(32x) 93.0(45x) 60.8(34x) 769 (3.9x)
93.5(23x) 624(21x) 78.0(22x) 920(32x) 586 (24x) 753(28x) 93.0(42x) 582(31x) 756(36x) 90.5(43x) 59.4(31x) 750 (3.6x)
90.0 (25x) 594 (22x) 747 (23x) 915(33x) 59.8(25x) 756(29x) 905 (41x) 588(32x) 746(36x) 915(42x) 562(30x) 739 (35x)
(
(

90.5(23x) 624 (20x) 764(22x) 920(32x) 572(27x) 746(29x) 91.0(3.9x) 582(32x) 746(35x) 90.5(43x) 59.4(3.1x) 75.0(3.6%)
89.5(2.1x) 61.2(19x) 754(20x) 91.0(35x) 61.6(2.8x) 763 (3.1x) 91.0(3.8x) 624(3.0x) 767 (34x) 89.5d7x) 60.2(33x) 748 (3.9x)
90.5(22x) 59.4(20x) 750(21x) 9L.0(35x) 56.8(29%) 739 (32x) 90.0(3.9x) 534(29x) 717(33x) 87.5(3.6x) 552(32x) 71.4(34x)

90.5(2.8x)  60.6(19x) 756(22x) 93.0(33x) 562(29x) 746(3.1x) 905(3.7x) 538(29x) 722(32x) 89.5(35x) 530(3.0x) 71.2(3.2x)
91.0(29x) 60.6(22x) 758(25x) 91.5(29x) 55.0(26x) 732(28x) 865(3.7x) 516(29x) 69.0(33x) 880(32x) 486(26x) 683 (29x)
910 (29x) 60.6(22x) 758(25x) 90.0(32x) 53.4(27x) 717(29x) 88.0(34x) 49.4(28x) 687(3.1x) 835(29x) 448(2.6x) 64.1(2.7x)

=}
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Dynamic score s = K — ¢+ Niy;

51 92020x) 620(18x) 77.0(19x) 925(3.0x) 62.6(25x) 77.6(28x) 90.0(38x) 59.0(29x) 745(33x) 91.0(45x) 582(34x) 74.6(39x)
1 89.0(22x) 620(20x) 755(21x) 915(28x) 612(24x) 764(26x) 90.0(39x) 60.0(32x) 750(35x) 92.0(41x) 584(30x) 752(35x)
0 1 93524x) 606Q21x) 77.0(23x) 90.5(38x) 59.6(28x) 750(33x) 90.5(&1x) 60.0(29x) 752(34x) 89.0(48x) 594 (35x) 742 (4.1x)
11 925(29x) 626 (24x) 77.6(26x) 86.0(34x) 57.6(26x) 71.8(3.0x) 920(37x) 586(33x) 743(3.7x) 915(43x) 586(34x) 750 (3.8x)
5 1 905(27x) 60.6(20x) 756(23x) 895(33x) 532(27x) 714(30x) 87.0(33x) 49.6(28x) 683(3.0x) 845(.1x) 468(3.0x) 656(3.0x)

Table 8: Ablation of score-threshold policies with margin-based token acceptance estimator.

~

Static score uses s = K — ¢; dynamic score uses s = K — ¢ - Ny;.

Tyore € B=4 B=8 B=16 B=32
GSMSK MBPP Avg GSMSK MBPP Avg GSMSK MBPP Avg GSMSK MBPP Avg

Static scores = K — ¢
93.0(22x) 59.6(21x) 763 (21x) 905(3.1x) 56.2(27x) 734(29x) 89.5(34x) 570(3.1x) 732(3.3x) 895(3.7x) 57.2(3.6x) 73.4(3.6x)

(
930 (22x) 59.6(1.9x) 763 (21x) 905(3.1x) 562(27x) 734(29x) 905(35x) 57.0(32x) 738(33x) 89.0(37x) 55.6(32x) 723 (3.4x)
93.0(22x) 620 (20x) 77.5(21x) 89.0(3.1x) 56.6(29x) 728(3.0x) 895(3.6x) 552(32x) 724(34x) 895(37x) 55.6(33x) 725(35%)
(
(

93.0(22x) 618(20x) 77.4(21x) 910(3.1x) 626 (24x) 768(2.8x) 905(41x) 614(3.1x) 760((36x) 925(43x) 59.8(3.1x) 762 (3.6x)
88.0(23x) 578(1.9x) 729 (20x) 925(3.1x) 56.0(22x) 742(2.6x) 895 (40x) 582(3.0x) 738(35x) 920(40x) 55.6(30x) 738 (3.4x)
92022x) 612(21x) 766(21x) 895(33x) 61.0(26x) 752(29x) 89.0(@42x) 592(3.0x) 741(35x) 880 (44x) 610(32x) 745 (3.8x)

89.5(2.1x) 59.8(20x) 746(21x) 89.0(33x) 544(28x) 717(3.0x) 90.0(3.5x) 544(3.0x) 722(32x) 855(3.6x) 55.0(34x) 70.2(3.5x)
90.5(23x) 59.2(21x) 748(22x) 90.5(34x) 55.6(29%) 73.0(3.2x) 86.0(3.7x) 558(3.1x) 709 (3.4x) 855(3.6x) 528(34x) 69.2(3.5%)
920 (23x) 60.0(22x) 760(22x) 93.0(35x) 57.0(3.2x) 750(3.3x) 88.0(3.7x) 548(32x) 714(35x) 87.5(37x) 504(35x) 69.0(3.6x)

90.0 (23x) 592 (23x) 746 (23x) 895(32x) 544 (25x) 720(28x) 880(39x) 57.6(33x) 728(3.6x) 850(33x) 53.0(33x) 69.0(3.3x)
93.5(24x) 602(22x) 768(23x) 93.0(33x) 562(2.8x) 746(3.0x) 87.0(41x) 542(33x) 706(3.7x) 880(33x) 57.0(32x) 725(3.2x)
91.0 (3.0x) 60.6(23x) 758(26x) 905(33x) 55.6(28x) 730(3.0x) 885(37x) 542(3.5x) 714(36x) 860(35x) 49.6(3.1x) 67.8(3.3x)
905 (27x) 614(20x) 760 (23x) 935(35x) 57.2(30x) 754(3.3x) 895(35x) 50.6(29x) 70.0(32x) 845(35x) 512(32x) 67.8(3.4x)

91.0 25x) 614(20x) 762 (22x) 905(3.6x) 562(3.0x) 734(3.3x) 865(33x) 532(29x) 69.8(31x) 860(33x) 488(29x) 67.4(3.1x)
90.5(27x) 614 (2.1x) 760 (24x) 89.5(34x) 534(28x) 715(3.1x) 89.5(35x) 51.6(28x) 705(3.1x) 86.0(34x) 504(3.0x) 682(3.2x)

S
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Dynamic score s = K — ¢ - Ni;

51 90.0(19%) 620(1.9x) 760 (19x) 90.0(32x) 622(27x) 761(29x) 90.0(39x) 618(2.6x) 759(3.1x) 885(46x) 61.0(33x) 748 (3.9x)
41 925@21x) 602(20x) 764 (20x) 935(28x) 614 (23x) 77.5(2.6x) 89.0 (40x) 59.6(3.0x) 743 (35x) 90.5(41x) 58.8(29x) 746 (3.4x)
0 1 930(21x) 576(1.9x) 753(20x) 865(33x) 59.0(29x) 728(3.1x) 885(37x) 568(3.1x) 726(34x) 885(35x) 56.0(3.6x) 722(3.6x)
11 935(29x) 586(23x) 760(26x) 90.0(33x) 562(28x) 731(3.1x) 920(37x) 548(3.3x) 734(3.7x) 87.0(3.6x) 522(33x) 69.6(3.4x)
5 1 905(26x) 60.6(20x) 756(23x) 920(3.6x) 55.0(3.0x) 735(33x) 855(3.6x) 518(3.1x) 687(33x) 850(34x) 512(33x) 68.1(33x)

Table 9: Ablation of hysteresis policies with entropy-based token acceptance estimator. We
use dynamic score only, with fixed ¢ = 1.

Ton  Toff B=4 B=8 B=16 B=32
GSMSK MBPP Avg GSMSK MBPP Avg GSMSK MBPP Avg GSMSK MBPP Avg
5 905(1.8x) 624(19x) 764 (1.8x) 915(32x) 63.6(27x) 77.6(3.0x) 89.0(40x) 602 (26x) 746(3.1x) 91.0(43x) 59.2(3.0x) 75.1(3.5%)

O 0 930@l1x) 624(19%) 77.7(20x) 895(32x) 636(26x) 766(29x) 915(41x) 602(3.0x) 758(35x) 910(40x) 594 (31x) 752 (35x)
;5 91521x) 624(20x) 77.0(20x) 89.0(33x) 598(27x) T44(30x) 9IL5(38x) 594(29x) 754(33x) 905(42x) 558(32x) 732(3.7x)

Sl 915(19%)  624(19x) 770(19x) 885(3.1x) 59.8(26x) 742(29x) 91.0(41x) 614(32x) 762(3.6x) 9L5(44x) 574(31x) 744 (3.6x)
s 5 OL0@5X) 606(20x) 758(23x) 895(34x) 536(28x) 7L5E(@Ax) 925(37x) 504(29x) 715(B3x) 875(37x) 5L6(31x) 69.5(34x)

1 905(24x) 60.6(20x) 758(23x) 91.0(33x) 55.4(28x) 732(30x) 93.0(33x) 51.6(28x) 723(3.1x) 885(3.8x) 502(30x) 69.3 (3.4x)
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Table 10: Ablation of contextual-bandit UCB policies. The context tuple (4, b, ¢) denotes the
numbers of bins for mask span length, decoding progress, and entropy, respectively. We
report results for different UCB exploration coefficients f.

B B=4 B=8 B=16 B=32
GSMSK MBPP Avg GSMB8K MBPP Avg GSMB8K MBPP Avg GSMBK MBPP Avg
Tuple (1,2,2)
02 925(22x) 534(19x) 730(21x) 87.0(34x) 490(25x) 680(29x) 87.0(34x) 50.2(27x) 68.6(30x) 835(42x) 526(32x) 68.0(3.6x)
05 915(22x) 554(20x) 735(21x) 895(35x) 516(27x) 705(3.1x) 89.5(3.6x) 520(28x) 70.8(32x) 825(3.8x) 49.6(2.8x) 66.0(3.2x)
1 925(23x) 550(20x) 738(22x) 855(34x) 47.6(27x) 665(30x) 86.0(39x) 508(29x) 684(33x) 8L5(35x) 486(29x) 65.0(3.2x)
2 915(23x) 536(18x) 725(20x) 87.5(27x) 49.8(24x) 687(25x) 875(38x) 48.0(29x) 67.8(33x) 83.0(38x) 50.0(3.0x) 66.5(3.3x)
5 895(23x) 460(20x) 67.8(21x) 840(28x) 44.6(23x) 643 (25x) 850(35x) 47.4(27x) 662(31x) 825(37x) 468(29x) 64.6(3.3x)
Tuple (2,1,2)
02 90.0(25x) 57.0(21x) 735(23x) 850(3.1x) 552(2.6x) 701(28x) 850(39x) 532(31x) 69.1(34x) 835(38x) 528(30x) 682 (3.4x)
05 90.5(25x) 6L4(21x) 76.0(23x) 885(.1x) 55.0(26x) 718(29x) 88.0(40x) 502(31x) 69.1(35x) 855(40x) 48.6(2.6x) 67.0(3.2x)
1 89.5(24x) 522(20x) 709(22x) 840(29x) 538(25x) 689 (27x) 845(38x) 522(3.0x) 683(34x) 825(3.6x) 502(28x) 663 (3.2x)
2 900(22x) 504(20x) 702(21x) 860(29x) 502(26x) 68.1(28x) 880(37x) 50.6(28x) 69.3(32x) 8L5(40x) 48.6(29x) 65.0 (3.4x)
5 885(25x) 524(20x) 705(22x) 83.0(29x) 452(23x) 641(26x) 87.0(37x) 46.6(29x) 668(32x) 86.0(40x) 468(29x) 66.4 (3.4x)
Tuple (2,2,1)
02 910(25x) 56.6(22x) 738(23x) 875(32x) 55.6(26x) 7L5(29x) 845(35x) 528(27x) 687(3.1x) 875(4lx) 49.8(30x) 687 (3.5x)
05 90.0(22x) 572(22x) 73.6(22x) 89.0(32x) 53.4(27x) 712(29x) 855(33x) 532(28x) 69.3(30x) 850(44x) 51.6(3.0x) 683 (3.6x)
1 910(22x) 532(20x) 721(21x) 850(33x) 51.8(27x) 684(3.0x) 845(3.6x) 514(27x) 680(3.1x) 855(42x) 50.0(3.1x) 67.8(3.6x)
2 885(21x) 530(19x) 708(20x) 850(32x) 492(26x) 67.1(29x) 845(35x) 502(28x) 673(3.1x) 865 (41x) 51.6(29x) 69.0 (3.4x)
5 900(21x) 518(18x) 709(19x) 87.0(31x) 458(26x) 66.4(28x) 845(3.6x) 478(28x) 661(32x) 825(39x) 460(3.0x) 64.2(3.4x)
Tuple (2,2,2)
02 91.0(25x) 562(21x) 73.6(23x) 875(3.0x) 548(24x) 712(27x) 840(3.6x) 514(30x) 67.7(33x) 845(39x) 49.8(29x) 67.2(3.3x)
05 925(24x) 572(21x) 748(22x) 875(30x) 534(25x) 705(27x) 87.5(3.6x) 532(31x) 70.3(34x) 835(38x) 538(29x) 687 (3.3x)
1 915(25x) 532(22x) 724(23x) 860(3.1x) 510(25x) 685(28x) 86.0(39x) 514(3.0x) 687 (34x) 865(38x) 50.0(27x) 682(3.2x)
2 895(24x) 506(20x) 70.0(22x) 845(3.1x) 524(22x) 685(26x) 895(3.6x) 514(29x) 705(32x) 865 (41x) 516(29x) 69.0 3.4x)
5 90.0(22x) 518(20x) 709(21x) 850(3.0x) 458(24x) 654(27x) 840(34x) 47.8(26x) 659(29x) 8L5(39x) 460(3.1x) 637 (3.4x)
Tuple (4,4,4)
02 880(23x) 534(20x) 707(21x) 895(33x) 518(26x) 707(29x) 87.5(3.6x) 534(28x) 705(32x) 855(40x) 518(3.1x) 687 (3.5%)
05 885(21x) 548(L9x) 7L7(20x) 86.0(32x) 520(26x) 69.0(29x) 850(3.6x) 53.6(28x) 693(31x) 83.0(42x) 546(3.1x) 68.8(3.6x)
1 89.5(22x) 524(19x) 7L0(21x) 860(32x) 514(25x) 687(28x) 885(35x) 528(29x) 707(31x) 87.0(41x) 538(3.1x) 70.4(3.6x)
2 885(22x) 512(19x) 69.8(20x) 865(3.1x) 49.0(26x) 67.8(28x) 90.0(3.6x) 54.8(28x) 684(31x) 845(43x) 526(3.2x) 68.5(3.7x)
5 895(21x) 510(20x) 702(20x) 830(30x) 520(25x) 675(27x) 89.0(36x) 528(28x) 709(32x) 825(40x) 526(3.0x) 67.5(3.4x)
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Figure 5: AR-ness and decoding confidence statistics for SDAR-8B-Chat. Top row: lo-
cal/global AR-ness on GSM8K and MBPP. Bottom row: normalized confidence statistics
under static and dynamic decoding on GSM8K and MBPP.
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Figure 6: AR-ness and decoding confidence statistics for LLaDA-2.1-Mini. Top row: lo-
cal/global AR-ness on GSM8K and MBPP. Bottom row: normalized confidence statistics
under static and dynamic decoding on GSM8K and MBPP.

Table 11: Ablation of rejection-sampling ratio tempering for SSD on SDAR-8B-Chat. We
vary the tempering factor vy in the acceptance ratio (g;/p;)” and report accuracy (speedup
relative to y=1).

oy Config-A Config-B
GSMSK MBPP Avg GSMSK MBPP Avg
0.5 89.5(1.02x) 60.0(1.06x) 74.8(1.03x) 88.5(1.02x) 58.0(1.00x) 73.2(1.01x)
0.75 89.5(0.99x) 62.0(1.06x) 75.8(1.01x) 90.5(0.99%x) 585(0.95x) 74.5(0.98x)
1.0 89.5(1.00x) 64.0(1.00x) 76.8(1.00x) 89.5(1.00x) 60.5(1.00x) 75.0(1.00x)
125 89.5(1.00x) 60.5(1.07x) 75.0(1.02x) 90.5(0.93x) 60.5(0.96x) 75.5(0.94x)
1.5 90.5(1.00x) 60.5(0.96x) 75.5(0.99x) 90.5(1.01x) 60.0(0.96x) 75.2(1.00x)
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