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Abstract

Standard semi-autoregressive decoding for full-
attention masked diffusion language models
(MDLMs) computes predictions for future
blocks but discards them until those blocks be-
come active. When introduced as soft-future
context, these predictions reveal a stability
contrast: hypotheses later revised during de-
coding exhibit larger distributional shifts than
those eventually retained. We introduce FUSA
(Future-aware Semi-Autoregressive Decoding),
a training-free decoder that exploits this con-
trast by alternating the next block between
masked and soft representations and commit-
ting active-block tokens that remain stable
across the two views, without additional model
forward calls. On LLaDA-8B-Instruct, FUSA
improves scores across reasoning and code-
generation benchmarks while delivering 2.10-
3.94x wall-clock speedups over Top-1 de-
coding, with gains of up to 5.1 points. Ad-
ditional results show that FUSA transfers to
other MDLMs and remains effective under
KV-cached inference and in long-form instruc-
tion following. Our code is available at https:
//github.com/yangryeol/FUSA.

1 Introduction

Masked diffusion language models (MDLMs) gen-
erate text by iteratively denoising a masked se-
quence (Shi et al., 2024; Sahoo et al., 2024; Nie
et al., 2025). Due to the computational inefficiency
and scheduling difficulty of fully parallel denoising
over an entire output sequence, modern MDLM
inference commonly adopts semi-autoregressive
decoding, where the output sequence is divided
into blocks, processed from left to right, and de-
noised in parallel within the active block (Sahoo
et al., 2024; Nie et al., 2025; Arriola et al., 2025).
Standard semi-autoregressive decoding methods,
such as LLaDA (Nie et al., 2025), employ full-
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Figure 1: Standard blockwise decoding masks future
blocks and discards their predicted distributions. FUSA
reuses these predictions as soft future views, accepting
active-block tokens whose predictions remain stable
across future contexts.

attention MDLMs trained with bidirectional atten-
tion while applying blockwise decoding only at in-
ference time. Figure 1 briefly illustrates that these
methods discard future-position logits and commit
only active-block tokens.

This raises a natural question: if future-block
distributions are already available, can they help
determine which active-block tokens should be
unmasked? Since the active block and future
blocks eventually form a coherent sequence, the
model’s own future predictions may provide a use-
ful stability signal. When introduced as soft-future
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and suppresses wrong ones
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Figure 2: Soft-future contrast in the arithmetic perturbation probe. Wrong Top-1 hypotheses are more sensitive to
soft future evidence, while correct Top-1 hypotheses are comparatively stable and often reinforced. The token-level
example illustrates how soft future context perturbs an incorrect prediction but leaves an already-correct one nearly
unchanged. We summarize this diagnostic in Section 5.3 and provide the full protocol and additional details in

Appendix B.1.

context, these predictions allow active-block hy-
potheses to be tested for their sensitivity to plausi-
ble future evidence. Figure 2 illustrates this idea in
a controlled arithmetic probe, where Wrong Top-1
hypotheses are more sensitive to soft-future context
than Correct Top-1 hypotheses. Section 5.3 comple-
ments this controlled probe with a trajectory-level
diagnostic across reasoning and code-generation
tasks.

Motivated by these observations, we propose
FUSA (Future-aware Semi-Autoregressive Decod-
ing). As illustrated in Figure 3, FUSA progres-
sively unmasks active-block tokens while alternat-
ing the next block between masked and soft rep-
resentations. In a soft-future step, future posi-
tions carry temporary soft future tokens constructed
from the previous step’s future-block distributions,
whereas in the mask-future step, they are repre-
sented by [MASK] embeddings. During each step
transition, FUSA evaluates token stability by com-
paring the predictive distributions obtained at the
current step with those cached from the preceding
step. Active-block tokens are then progressively
unmasked using this future-view stability signal
together with confidence.

Our contributions are summarized as follows:
1) We identify a future-conditioned stability signal

in full-attention MDLM decoding, supported
by a controlled probe and cross-task trajectory
diagnostics.

2) We propose FUSA, a training-free future-aware

semi-autoregressive decoder that uses this sig-
nal to guide active-block token commitment
without additional model forward calls.

3) We validate FUSA across multiple full-attention
MDLMs and generation settings, demonstrating
substantial decoding speedups alongside strong
performance across reasoning, code generation,
and long-form instruction following.

2 Related Work

2.1 Masked Diffusion Language Models

Masked diffusion language models extend masked
token prediction into iterative generative denoising
over discrete tokens: BERT introduced bidirec-
tional masked language modeling (Devlin et al.,
2019), D3PM formalized discrete diffusion with
absorbing mask states (Austin et al., 2021a), and
SEDD and MDLM developed effective discrete-
token diffusion objectives and samplers (Lou et al.,
2024; Sahoo et al., 2024), building on earlier text
diffusion systems such as Diffusion-LM and Dif-
fuSeq (Li et al., 2022; Gong et al., 2023). Re-
cent large-scale systems show that this paradigm
can scale to multi-billion-parameter language mod-
els (Nie et al., 2025; Ye et al., 2025). Their ap-
peal is bidirectional refinement: unlike autoregres-
sive models, they can predict and revise multiple
masked positions in parallel, but this creates a de-
coding problem of how to group, select, commit,
and reuse token predictions across denoising steps.
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Figure 3: Overview of FUSA: each denoising step uses one model forward. For an active-block position, the decoder

takes the top prediction ¥} and its confidence ¢!

= pi(v}).

A position is unmasked when either (1) its confidence

exceeds the standard threshold, or (2) its prediction remains stable across future views while satisfying a lower
confidence floor. Next-block logits from a mask-future step become temporary soft future tokens for the following

soft-future step.

2.2 Semi-Autoregressive and
Block-Structured Decoding

A common efficient inference strategy is semi-
autoregressive sampling, which divides the output
into fixed-size blocks, processes blocks left to right,
and denoises tokens within the active block in paral-
lel; LLaDA applies this blockwise procedure while
keeping previously generated blocks fixed (Nie
et al., 2025). In standard full-attention MDLMs,
positions after the active block are still forwarded
as [MASK] tokens and receive predictive distribu-
tions, but conventional decoding commits only
active-block tokens, discards predictions for later
blocks, and resets those positions to [MASK] until
their block becomes active. Thus, future-block
predictions are computed but not retained. By
contrast, block-structured diffusion and diffusion—
autoregressive models often remove future blocks
from the current computation, hide them behind
block-causal attention, or process them only when
active; recent examples include Block Diffusion,
SDAR, Fast-dLLM v2, LLaDA2.0, and LLaDA2.1

(Arriola et al., 2025; Cheng et al., 2026; Wu et al.,
2026a; Bie et al., 2025, 2026).

2.3 Beyond Confidence-Based Diffusion
Decoding

Because MDLM inference speed depends on how
many tokens can be safely committed at each
step, confidence-based decoding prioritizes high-
probability predictions for early commitment, and
Fast-dLLM similarly uses confidence-aware par-
allel decoding to improve throughput (Wu et al.,
2026b). However, local confidence can be my-
opic: a token that appears confident under the cur-
rent masked context can still change under later
denoising updates or additional uncommitted con-
text. Recent methods therefore add signals beyond
local probability, including KLLASS-style tempo-
ral stability, lookahead predictions, decoding-path
uncertainty, position-aware calibration, and adap-
tive sequence lengths (Kim et al., 2025; Lee et al.,
2026; Chen et al., 2025b; Huang et al., 2025; Li
et al., 2026). Related work on soft, residual, or
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latent token states further shows that intermediate
token distributions can carry useful information be-
yond the ordinary [MASK] state (Hu et al., 2026;
Zhu et al., 2025; Hersche et al., 2026; Zhong et al.,
2026; Xia et al., 2026; He et al., 2026).

FUSA also moves beyond local confidence by
testing the stability of current-block predictions
with next-block distributions that standard semi-
autoregressive decoding would otherwise reset to
[MASK1].

3 Preliminaries

3.1 Masked Diffusion Language Models

A masked diffusion language model generates a
discrete sequence by reversing an absorbing mask-
ing process. Let xo = (3, ..., z) denote a clean
sequence of length L, and let m = [MASK] de-
note the mask token. At noise level 4, each token
is independently corrupted as

i ~ (1= 7) 84 + Ve0m, i=1,...,L. (1)
This absorbing-mask corruption process is widely
used in discrete and masked diffusion language
models (Austin et al., 2021a; Shi et al., 2024; Sahoo
et al., 2024; Nie et al., 2025).

Given a partially masked sequence x;, the de-
noising model predicts a vocabulary distribution at
each position. Let hj(x;) € R denote the logits
at position 7. We define

ve.

2
A common training objective is masked cross-
entropy over corrupted positions, optionally
weighted by the noise schedule:

Ph(v | x) = [softmaX(hé(Xt))]v’

L£=E|wt) Z 1z} = m}(—logpy(zf | x0)) | ,

7

3)
where the expectation is over (Xg, t, X¢), the sum
ranges over positions i« = 1,..., L, and w(t) is

a schedule-dependent weight. Prior work derives
this objective from the diffusion variational objec-
tive; equivalently, it serves as an upper bound on
the negative log-likelihood of the induced model
distribution (Shi et al., 2024; Sahoo et al., 2024,
Ou et al., 2025; Nie et al., 2025).

3.2 Iterative Decoding

Generation starts from masked output positions. At
decoding step ¢, let x; be the current sequence and

M the set of remaining masked token positions.
Foreachi € My, let p; = pj(- | x;) be the model’s
predictive distribution, with argmax prediction y;
and confidence ci. A confidence-based rule com-
mits token positions whose confidence exceeds a
threshold 7:

Uy =1{iec My:c >} 4)

Positions in U; are filled with v}, while all other
masked token positions remain masked. Commit-
ted tokens are kept fixed.

3.3 Semi-Autoregressive Sampling

In semi-autoregressive sampling, output token
positions are partitioned into contiguous blocks
Bi, ..., By, where each block By, is a set of token
positions. The blocks are processed from left to
right. At decoding step ¢, token commitment is
restricted to the current active block:

U © My N By, o)

where b(t) denotes the active block index. We
)

also write By = Ui(:tl B, for the positions in
completed and active blocks, and By for the
immediately next block when b(t) < M.

In our full-attention MDLM setting, masked po-
sitions beyond the active block are still forwarded
and receive predictive distributions. Conventional
semi-autoregressive sampling does not retain these
future-block predictions: after each step, future po-
sitions are reset to the mask token m until their
block becomes active.

4 Method

4.1 Design Principle: Stability Across Future
Views

The key idea of FUSA is to test active-block
predictions under two views of the next block.
FUSA alternates this future view between ordinary
mask tokens and soft future tokens built from the
model’s own next-block distributions, and commits
active-block tokens whose predictions remain sta-
ble across the two views.

Architectural prerequisites. FUSA requires that
(1) future masked positions remain in the same for-
ward pass, (ii) the active block can attend to these
positions, and (iii) the resulting future distributions
can be re-injected as temporary soft embeddings.
These conditions hold for full-attention MDLMs.
In strict block-causal architectures, the same signal

52856



is unavailable without additional forward computa-
tion or architectural modification.

4.2 Alternating Mask-future and Soft-future
Steps

Each denoising step performs one model forward
pass and unmasks selected token positions in the
active block. Future positions are not committed
during this process; instead, only the immediately
next block By, is presented to the model ei-
ther as ordinary mask embeddings or as soft future
tokens when b(¢) < M. Later blocks remain ordi-
nary mask tokens. Masked-future and soft-future
steps use the same decoding rule for active-block
unmasking and differ only in how this next block
is represented, as described below:

Mask-future step. The next block is represented
using mask embeddings, and the resulting next-
block logits are immediately converted into soft
future embeddings, which are cached for the fol-
lowing soft-future step. Here x; is the hard decod-
ing state, containing committed tokens and masks.
For each forward pass, FUSA forms a temporary
vector input &; from x;. Note that this input view
is not committed to the state. In the masked-future
step, x; is defined as:
i {Ez%, ifi € ng(t),
& = , ©)
E,,, otherwise,

where E:c;' and FE,, denote the embedding of the
token 2} and the [MASK] token, respectively.

Soft-future step. The next block is represented
using soft future tokens, while all future positions
remain uncommitted. Formally,

Exz', if1 € Bﬁb(t)v
@ =< g, ifb(t) < Mandi€ By, (7)
E,,, otherwise,
where gf; denotes the soft token embedding at next-
block position ¢ at the ¢-th step, described in Sec-
tion 4.3.

Unmasking Rule for Commitment. For both
mask-future and soft-future steps, FUSA performs
active-block unmasking by reading the predic-
tive distributions at masked active-block positions
and computing their argmax predictions yi =
arg max, pi(v) and confidences ¢ = pi(y}), fol-
lowing the commitment rule.

To incorporate future-conditioned stability sig-
nals, FUSA extends the original commitment set
U, in Eq. 4 by introducing an additional stability-
based unmasking set {/;s ;. The resulting enlarged
commitment set is defined as:

Uy = Uy Uldys. (8)

where Ujs + denotes the set of token positions se-
lected based on future-view stability, which is de-
scribed in Section 4.4.

4.3 Representing Soft Future Tokens

Soft future tokens provide next-block belief to the
active block without committing future positions.
They avoid two forms of information loss: mask
tokens hide predictive signals, while argmax tokens
discard the remaining probability mass.

At decoding step ¢, when b(t) < M, FUSA re-
duces tail noise by applying top-p filtering (p =
0.85) to each next-block distribution p;, where
J € By(t)+1, and renormalizes the retained prob-
abilities. Let Top,(j;t) € V denote the set

of tokens retained by top-p filtering, and let i
denote the renormalized distribution: p(v) =

P (V)2 ueTop. (jst) p!(u). FUSA then constructs
P 7
the soft future representation as:

2l Y. FWE,
v€Top,, (5;t)
g§+1 = aE,+(1- Oé)ZiJrl- )

Mixing with E,, keeps gg close to the model’s orig-
inal masked-denoising input distribution, thereby
reducing distributional drift from the pretrained
inference regime. The coefficient o controls the
strength of the soft future signal: o = 1 recovers
the mask-future view, while smaller values expose

more of the soft future representation z; .

4.4 JS-based Unmasking Criterion

The commitment decision compares two predic-
tive distributions for the same masked position
across consecutive steps. Since neither distribu-
tion serves as a fixed reference, FUSA employs
the Jensen—Shannon (JS) divergence as a symmet-
ric and bounded stability score. Letting M =
$(P + Q), itis defined as:

1 1
Djs(P,Q) = iDKL(PHM) + §DKL(Q||M),
(10)

52857



where the divergences are computed using natural
logarithms.

FUSA first commits y} at any active-block posi-
tion with ci > Thigh. Following recent confidence-
gated diffusion decoders, we use Thig, = 0.95 as a
high-confidence fast path (Cao et al., 2026; Liang
et al., 2026). The remaining active-block positions
are then routed to the JS-stability gate.

At decoding step ¢, FUSA computes
Djs(pt_1,pt), where pi ; and pi denote the
predictive distributions at position ¢ in two
consecutive steps. A remaining masked position is
additionally unmasked when

Uist = {Z € My N By : Ci > THoor

ADys(pi-1,p) < €f. (1)

If neither rule selects any active-block posi-
tion, FUSA commits the argmax prediction at the
highest-confidence masked position in the active
block to guarantee progress.

5 Experiments

5.1 Models, Benchmarks, and Setup

We evaluate FUSA on LLaDA-8B-Instruct (Nie
et al., 2025) and LLaDA-1.5 (Zhu et al.,
2026) across GSMS8K (Cobbe et al., 2021),
MATHS00 (Hendrycks et al., 2021; Lightman
et al., 2024), HumanEval (Chen et al., 2021),
and MBPP (Austin et al., 2021b). All decod-
ing methods use the same semi-autoregressive set-
ting, prompts, graders, and generation configura-
tion unless otherwise stated. All experiments are
conducted on a single NVIDIA RTX PRO 6000
GPU. Detailed hyperparameter choices, baseline
settings, and benchmark prompts are provided in
Appendix G.1, Appendix G.2, and Appendix G.3.

5.2 Baselines

All baselines use the same blockwise semi-
autoregressive setting and differ in active-block
token selection or refinement strategy. We com-
pare against Uniform, Entropy, Top-1, Top-2, Con-
fidence, EB-Sampler (Ben-Hamu et al., 2025),
KLASS (Kim et al., 2025), and LRD (Zhu et al.,
2025). Confidence denotes threshold decoding that
commits active-block tokens with ¢; > 0.9. LRD
denotes a soft latent refinement baseline that adds
refinement-only forwards before block decoding.
EB-Sampler, KLASS, and LRD are reported under
their benchmark-specific or recommended settings.

5.3 Soft-Future Stability Diagnostics

Figure 2 suggests that soft future perturbations pro-
vide a useful stability signal. On 500 arithmetic
examples and 11,745 active-block positions, wrong
Top-1 hypotheses show larger JS shifts and tend to
lose probability mass under the soft future probe,
whereas correct Top-1 hypotheses are more sta-
ble and are often reinforced. This supports using
soft-future consistency as an active-token selection
signal; Appendix B.1 gives the full diagnostic setup
and metrics.

Cross-task trajectory diagnostic. We analyze
400 confidence-decoding trajectories, with 100
samples each from GSMS8K, MATHS500, Hu-
manEval, and MBPP. Because these tasks may ad-
mit multiple valid sequences, we label a current
Top-1 hypothesis as Retained if it matches the to-
ken eventually committed at that position and as
Revised otherwise; these labels measure trajectory
stability rather than correctness. The soft-future
view is used only as a diagnostic and does not alter
decoding. Table 3 reports the gap between the JS
divergences of Revised and Retained hypotheses.
The gap is positive on all four benchmarks, with
every 95% confidence interval excluding zero. This
complementary analysis provides trajectory-level
evidence that soft-future sensitivity is associated
with whether a hypothesis is eventually retained or
revised across reasoning and code-generation tasks.
Token-category and generation-stage breakdowns
are provided in Appendix B.2.

5.4 Main Results

Tables 1 and 2 report the main results. On LLaDA-
8B-Instruct, FUSA obtains the best score on all four
benchmarks while remaining in the fastest group
of methods. It matches or exceeds the strongest
HumanEval score, improves MBPP by 4.67 points
over EB-Sampler and 0.78 points over LRD, im-
proves GSMS8K by 1.29 points over confidence de-
coding, and gives the best MATHS500 accuracy. At
the same time, it uses substantially fewer denoising
steps than EB-Sampler, KLLASS, and LRD on every
benchmark, showing that the soft-future stability
test improves accuracy without reverting to slow
conservative decoding. On this model, compared
with simple confidence decoding, FUSA spends
a modest number of additional steps but converts
those steps into higher task scores on all four bench-
marks.

On LLaDA-1.5, we use the same hyperparameter
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Table 1: Main results on LLaDA-8B-Instruct. Each benchmark reports task score and average denoising steps; each
step corresponds to one model forward call. Numbers in parentheses denote the number of in-context examples.
Uniform averages over three seeds; all other methods are deterministic.

Method GSMSK(0) MATHS500(0) HumanEval(0) MBPP(3)
Acc  Steps| Acc Steps| Pass@l Steps| Pass@1 Steps.|
Uniform 66.67 256.00 23.73 256.00 15.65  256.00 26.20  256.00
Entropy 74.60 256.00 31.20 256.00 35.98  256.00 33.46  256.00
Top-1 73.92  256.00 33.00 256.00 3598  256.00 37.74  256.00
Top-2 73.54 128.00 32.00 128.00 25.61 128.00  29.57  128.00
Confidence  74.60 70.66 33.60  97.55 34.76 76.43 35.80 58.56
EB-Sampler 74.53 130.73 33.60 160.38 37.20 139.92  38.13  104.27
KLASS 72.86 96.46 33.60 127.84 37.20 125.12  37.35 86.51
LRD 73.54 264.14 31.00 264.10 32.93  264.13 42.02  264.11
FUSA 75.89 81.18 34.40 102.69 37.20 85.37  42.80 62.90

Table 2: Main results on LLaDA-1.5. Each benchmark reports task score and average denoising steps; each step
corresponds to one model forward call. Numbers in parentheses denote the number of in-context examples. Uniform
averages over three seeds; all other methods are deterministic.

Method GSMB8K(0) MATHS500(0) HumanEval(0) MBPP(3)
Acc Steps| Acc Steps| Pass@l Steps| Pass@1 Steps.|
Uniform 68.41 256.00 24.93 256.00 14.23  256.00 24.12  256.00
Entropy 76.72 256.00 32.00 256.00 35.98  256.00 37.74  256.00
Top-1 76.42 256.00 33.40 256.00 38.41 256.00 4241 < 256.00
Top-2 75.74 128.00 32.60 128.00 29.88  128.00 21.40  128.00
Confidence  76.35 68.73 31.60  94.57 35.98 75.24 41.63 68.22
EB-Sampler 77.03 125.65 32.20 152.71 37.80  131.38 42.80 114.58
KLASS 74.07  95.24 2840 12790 37.20 12598  40.08  104.67
LRD 76.27 264.16 35.00 264.15 37.80 264.11 42.02  264.14
FUSA 76.88 7176 34.80 100.52  35.98 84.12 42.80 72.30

Table 3: Cross-task trajectory diagnostic (100 samples
per benchmark). The gap is REVISED JS minus RE-
TAINED JS; brackets give pointwise 95% paired sample-
bootstrap CIs. Gaps use unrounded values.

Benchmark RETAINED REVISED JS gap [95% CI]

GSM8K 1734 2540 +.0806 [.0739, .0874]
MATHS500 1812 2852 +.1039 [.0925, .1152]
HumanEval 1770 3133 +.1363 [.1265, .1462]
MBPP 1617 2483 +.0866 [.0703, .1025]

setting transferred from the LLaDA experiments,
without a separate validation-set search. Even un-
der this direct transfer, FUSA remains highly com-
petitive: it ties the best MBPP pass @1, is within 0.2
points of the best MATHS500 accuracy, and is close
to the best GSM8K result while using far fewer
steps than EB-Sampler and LRD. LRD is competi-
tive on MBPP and LLaDA-1.5 MATHS500, but its
soft latent refinement phase increases average steps
to about 264. Compared with KLASS, FUSA is
faster on all four benchmarks and improves accu-

racy on MBPP, GSMS8K, and MATH500. Relative
to confidence decoding, FUSA improves MBPP,
GSMSK, and MATHS500, while tying HumanEval
pass@1 with more denoising steps. Although Top-
1 is strongest on HumanEval for LLaDA-1.5, it re-
quires the full 256 denoising steps, whereas FUSA
attains competitive pass@ 1 with roughly one third
of the steps. Additional transfer results on CoDA-
1.7B-Instruct (Chen et al., 2025a) are provided in
Appendix F.

5.5 Computational Overhead and KV-Cache
Compatibility

Table 4 reports FUSA’s measured wall-clock
speedup and score gain over Top-1. Computa-
tionally, FUSA adds no extra model forward calls;
its extra storage is dominated by O(BV') cached
active-block distributions and O(F'd) soft-future
embeddings, plus transient O(F'V') buffers during
nucleus construction. Appendix A provides full la-
tency, throughput, and memory results; on GSMS8K,
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Table 4: Wall-clock summary on LLaDA-8B-Instruct.
Parentheses report the FUSA score gain over Top-1, and
speedup is computed from the displayed latency values
relative to Top-1 and rounded to two decimal places.
Full runtime diagnostics are in Table 8.

Benchmark FUSA Score  Speedup vs. Top-1
HumanEval  37.20 (+1.22) 2.82x
MBPP 42.80 (+5.06) 3.94x
GSMS8K 75.89 (+1.97) 2.79%
MATHS500 34.40 (+1.40) 2.10x

Table 5: HumanEval controls for the soft-future block
averaged over three seeds.

Variant Pass@1 Steps

FUSA 37.20 £ 0.00 85.37 £ 0.00
Shuffled soft 3476 £ 0.61 84.31 +£ 091
Random soft 3394 £246 84.36 +0.46
Argmax tokens  25.00 £0.00 69.09 £ 0.00

FUSA increases peak memory by only 252 MiB
over Top-1.

KV-cache compatibility. We adapt Fast-dLLM’s
DualCache (Wu et al., 2026b) to FUSA by re-
computing the active and immediately following
blocks while reusing cached KV states elsewhere.
On GSMSK with 5-shot prompting, this increases
throughput from 41.06 to 96.35 TPS (2.35x), with
accuracy changing from 78.39% to 77.56%. Full
results are provided in Appendix A.2.

5.6 Future-Block Representation Ablation

Table 5 reports a focused HumanEval control study
for the soft-future block representation. All vari-
ants use the same LLaDA HumanEval setup; they
differ only in what the model sees in the next block
while decoding the current block.

FUSA uses model-predicted next-block soft dis-
tributions at their original positions. The controls
disrupt position alignment, replace the future view
with random soft embeddings, or substitute argmax
future tokens; Appendix C.1 gives their detailed
definitions. FUSA gives the best pass@1 among
these controls with nearly unchanged step counts,
whereas the argmax-token variant reduces steps but
sharply lowers pass@1 to 25.00. Overall, these
controls justify using soft future tokens: the useful
signal comes from a position-aligned, uncertainty-
preserving future view, rather than from replacing
it with unrelated soft noise or substituting argmax
tokens for the soft future view.

Additional controls in Appendices C.2 and C.3
rule out temporal stability and future-view alter-

Table 6: WritingBench results on the fixed 100-prompt
subset using LLaDA-8B-Instruct with a maximum gen-
eration length of 1,024 tokens. Speedup is measured
relative to Top-1.

Method Critic T Avg. tokens Steps | Latency | Speedup

Top-1 4.678 973.42 1024.00 50.70s  1.00x
FUSA  4.718 97333  651.51 31.33s  1.62x

nation alone as explanations for the gains, while
Appendix D.1 characterizes sensitivity to the soft-
mask mixing coefficient.

5.7 Long-Form Instruction-Following
Generation

We evaluate FUSA on a fixed, domain-balanced
subset of 100 English WritingBench prompts (Wu
et al., 2025) using LLaDA-8B-Instruct with a max-
imum generation length of 1,024 tokens. Top-1
and FUSA use identical prompts and generation
settings, and writing quality is evaluated using the
benchmark’s fine-tuned critic model. As shown in
Table 6, FUSA achieves a critic score comparable
to that of Top-1 (4.718 vs. 4.678) at nearly identi-
cal output lengths, while reducing average forward
evaluations from 1,024 to 651.51 and latency from
50.70 s to 31.33 s (1.62x speedup). Subset con-
struction details are provided in Appendix G.4.

6 Conclusion

We introduced FUSA, a training-free decoding
method for full-attention MDLMs. FUSA ad-
dresses a simple inefficiency in standard block-
wise decoding: future-block logits are already com-
puted while denoising the active block, but they
are normally discarded. FUSA reuses these log-
its to form temporary soft-future views and un-
mask active-block tokens whose predictions remain
consistent across alternating mask-future and soft-
future states.

This soft-future consistency signal helps FUSA
select stable active-block tokens with fewer denois-
ing steps. The empirical results show that FUSA
delivers consistent benefits across diverse models
and generation settings, while the diagnostics show
that soft-future stability provides information be-
yond confidence and temporal stability alone.

More broadly, our results suggest that full-
attention MDLMs are useful not only because they
support parallel refinement, but also because they
can test present commitments against plausible fu-
ture evidence already available in the model’s own
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predictions. Future work may explore richer future
representations and adaptive schedules that decide
when and how much future information to expose.

7 Limitations

FUSA is specifically an inference-time decoder
for full-attention MDLMs satisfying the architec-
tural prerequisites described in Section 4.1. It
therefore does not directly apply to strict block-
causal architectures that remove future blocks or
hide them from active-block attention. We also do
not directly compare FUSA with separately trained
block-diffusion systems. Our LLaDA-8B-Instruct
long-form evaluation is limited to a fixed subset of
100 English WritingBench prompts and relies on
the benchmark’s fine-tuned critic model rather than
direct human evaluation.

FUSA also introduces several decoding hyperpa-
rameters. Although the selected settings transferred
unchanged to LLaDA-1.5 and, for code genera-
tion, to CoDA-1.7B-Instruct, substantially differ-
ent model or task settings may still require a new
hyperparameter search using validation data. In ad-
dition, wider future perturbation windows are not
always beneficial, suggesting that the usefulness
of soft future evidence depends on how local and
reliable the model’s next-block belief is.
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A Runtime Diagnostics

A.1 Uncached Runtime and Memory

Let B be the active block size, F' the future probe
block size, V' the vocabulary size, and d the hidden
dimension. The persistent extra memory used by
FUSA comes from active-block reference distribu-
tions, which cost O(BV), and the short-lived fu-
ture embedding cache, which costs O(F'd). Build-
ing the soft future embeddings also uses temporary
next-block probability buffers for nucleus filtering
and renormalization, which cost O(F'V') and are
released once the soft embeddings are constructed.
This computation uses the same forward pass as
the current denoising step and adds no extra model
forward call.

Consistent with this analysis, Table 7 shows only
a modest peak-memory increase in the GSM8SK
profiling run.

Method Peak Memory A Peak Memory
Top-1 16,369 MiB 0
FUSA 16,621 MiB +252 MiB

Table 7: Peak-memory profiling for Top-1 and FUSA
on GSMB8K. The additional memory comes from cached
distributions and soft future embedding construction.

Table 8 reports per-sample wall-clock latency
and throughput for all main decoding methods un-
der the same hardware and inference backend. Con-
fidence decoding is faster on some benchmarks,
but it gives lower task scores; compared with Top-
1, EB-Sampler, and KLASS, FUSA provides a
stronger overall accuracy—latency trade-off.

A.2 KV-Cached Inference

To evaluate whether FUSA is compatible with KV
reuse for full-attention MDLMs, we adapt Fast-
dLLM’s DualCache (Wu et al., 2026b). The origi-
nal DualCache recomputes the active block while
reusing cached KV states outside it. Because FUSA
additionally modifies the immediately following
block through its soft-future representation, our
adaptation recomputes both the active and next
blocks and reuses cached KV states elsewhere. We
evaluate both configurations on all 1,319 GSM8K
examples with 5-shot prompting using identical
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Benchmark  Method Score (%) 1T Latency/sample | TPS 1 Latency/FUSA
HumanEval  Top-1 35.98 7.90s 32.41 2.82%
Confidence 34.76 2.36s 108.25 0.84 %
EB-Sampler 37.20 4.66s 54.99 1.66 x
KLASS 37.20 5.01s 51.10 1.79x
LRD 32.93 11.95s 2143 4.27%x
FUSA 37.20 2.80s 91.37 1.00 %
MBPP Top-1 37.74 15.62s 16.39 3.94 %
Confidence 35.80 3.57s 71.65 0.90 x
EB-Sampler 38.13 6.19s 41.36 1.56 x
KLASS 37.35 7.07s 36.19 1.79 %
LRD 42.02 23.87s 10.73 6.03 x
FUSA 42.80 3.96s 64.59 1.00x
GSM8K Top-1 73.92 7.14s 35.87 2.79x
Confidence 74.60 2.47s 103.79 0.96 x
EB-Sampler 74.53 3.62s 70.66 1.41x
KLASS 72.86 3.27s 78.30 1.28 X
LRD 73.54 10.22s 25.06 3.99 x
FUSA 75.89 2.56s 99.87 1.00 %
MATHS500 Top-1 33.00 7.07s 36.23 2.10x
Confidence 33.60 2.75s 93.18 0.82x
EB-Sampler 33.60 4.64s 55.20 1.38 %
KLASS 33.60 4.58s 55.95 1.36 x
LRD 31.00 10.73s 23.87 3.18x
FUSA 34.40 3.37s 75.94 1.00 x

Table 8: Runtime diagnostics across decoding methods. Latency is measured in seconds per example, and TPS
denotes generated tokens per second. Latency ratios are computed from the displayed latency values and rounded to

two decimal places.

FUSA hyperparameters. Despite the small increase
in denoising steps, KV reuse raises throughput to
2.35x that of the uncached variant, as shown in
Table 9.

Table 9: KV-cached inference for FUSA on GSM8K
with 5-shot prompting. We use an adapted DualCache
that recomputes the active and next blocks. Speedup is
measured relative to FUSA without caching.

Method Acc. T Steps| TPS 1 Speedup 1
FUSA 78.39 86.02 41.06 1.00x
+DualCache 77.56 90.16 96.35 2.35x%

B Future-View Stability Diagnostic

B.1 Controlled Arithmetic Probe

We use a controlled arithmetic probe to test whether
future-block predictions contain useful informa-
tion for distinguishing correct and incorrect active-
block hypotheses. This experiment is not intended
as a benchmark of arithmetic accuracy; rather, it
is a diagnostic intervention that measures how the
active block reacts when the model’s own future
belief is softly injected. Unlike the actual FUSA
decoder, this diagnostic deliberately performs a
same-state counterfactual re-run; it validates the
signal but is not the runtime decoding schedule.

Setup. Each example consists of an arithmetic
prompt and a canonical output segmented into three
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Figure 4: Score—step trade-off across decoding methods on the four main benchmarks. Each panel plots task score
against the average number of denoising steps, where lower step counts indicate fewer model forward calls. The
upper-left region is preferable because it combines higher task score with fewer denoising steps. Across benchmarks,
FUSA lies in the high-score, low-step region compared with conservative baselines such as EB-Sampler and KLASS.

equal-size blocks:

By = y1:8, B3 = y17.24.

(12)
The block size is fixed to 8 tokens and the total
generation window is 24 tokens. We analyze only
the active block B;. The soft future probe is applied
to By, while B3 remains masked. We use LLaDA
as the base masked diffusion language model.

For each diagnostic state, we first run the model
with By and B3 fully masked. Suppose that the
t-th step corresponds to a masked-future step, and
the (¢ + 1)-th step corresponds to a soft-future step.
Note that with a slight abuse of notation, we
denote the masked-future and soft-future evalu-
ations by steps ¢ and ¢ + 1, respectively, although
both evaluations are performed on the same un-
derlying decoding state.

For an active-block position ¢ € B, this gives
the baseline distribution

B2 = y9.16,

pi(-) = ph(- | z, B1, B> = [MASK]/P2l, By = [MASK]IB3)).
13)
The top-1 token under this baseline distribution

is used to define the hypothesis:

7; = arg maxpi(v). (14)
v

We label the position as Correct Top-1 if 1; matches
the canonical token, and Wrong Top-1 otherwise.

Future-view probe. The same baseline forward
pass also produces logits for the future block 5.
Instead of inserting argmax future tokens, we con-
vert these logits into soft token embeddings. For
each future position j € By, we form

Zo =Y H()E, (15)

D
vEVj

where F, is the token embedding, Vf is the top-p

token set with p = 0.85, and ]5{ is the renormalized
probability distribution over this top-p set. This
diagnostic-only notation corresponds to the soft
future distribution and embedding denoted by 7
and g; in the main decoder description. In this
diagnostic experiment, we use the pure soft setting,
i.e., no mask interpolation. We then re-run the
model with s replaced by these soft embeddings
and obtain

pi—}—l(') = pé( ‘ x761782 = (Zg+1)j582,63 = [MASK]‘BBU'
(16)
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Metrics. We measure two quantities for active-
block positions. First, we compute the Jensen—
Shannon divergence between the baseline and soft-
probed distributions:

1 ) ) 1 ) )
JS; = =Dxkw(p}||m") + §DKL (Piy1||m?)

m' = (pi +pi+1) .

N — DN

a7
This measures how much the active-block distribu-
tion shifts under soft future evidence.
Second, we measure the probability change of
the initial top-1 token:
Appy P = phia (Gi) — pi3i). (18)
A positive value indicates that the initial top-1
hypothesis is reinforced by the soft future block,
while a negative value indicates that the hypothesis
loses probability mass after conditioning on the
future soft evidence.

Result. We evaluate 500 arithmetic examples and
analyze 11,745 active-block positions. Under the
fully masked baseline, 11,013 positions are labeled
as Correct Top-1 and 732 as Wrong Top-1. The ag-
gregate pattern is summarized in Figure 2. Wrong
Top-1 hypotheses exhibit substantially larger active-
block JS divergence than Correct Top-1 hypotheses.
Moreover, the direction of the probability shift is
contrastive: Correct Top-1 hypotheses gain prob-
ability mass, whereas Wrong Top-1 hypotheses
lose probability mass under the same soft future
probe. This suggests that the model’s own next-
block belief provides a useful stability signal for
active-block decoding.

B.2 Broader Soft-Future Stability Diagnostics

We analyze the same 400 trajectories as in Sec-
tion 5.3, using a confidence threshold of 0.9 for
trajectory collection. Within each sample and stra-
tum, we average JS divergence separately over RE-
VISED and RETAINED hypotheses and compute
their difference. Only samples containing at least
one hypothesis of both types in the corresponding
stratum are included. We report pointwise 95%
confidence intervals from 10,000 paired sample-
level bootstrap resamples (seed 20260711), with
samples weighted equally.

Token categories. A decoded token surface is
classified as Numeric if it contains a digit, as Al-
phabetic if it contains a letter but no digit, and as

Structural otherwise, including operators, punctua-
tion, delimiters, whitespace, and newlines.

Generation stages. Because generation proceeds
sequentially in 64-token blocks, we define Early,
Middle, and Late as the first three blocks (positions
0-63, 64—127, and 128-191). The final block is
excluded because it has no subsequent block for
constructing the soft-future view.

Tables 10 and 11 show positive JS gaps in ev-
ery token category and generation stage, with all
pointwise 95% confidence intervals excluding zero.
Thus, the separation between retained and subse-
quently revised hypotheses is not concentrated in a
particular token category or generation stage.

C Additional Controls
C.1 Future-Block Control Definitions

Table 5 isolates the temporary next-block represen-
tation while keeping the HumanEval decoder con-
figuration fixed. FUSA uses the model-predicted
soft future token g; at its original future position
j. Shuffled soft first constructs the same model-
predicted soft future tokens as FUSA, but applies
a random permutation across positions in the next
block before the forward pass; this preserves the
multiset of soft tokens while breaking position
alignment. Random soft replaces each future po-
sition with the average of 16 randomly sampled
vocabulary embeddings, producing soft embedding
noise without model-predicted next-block seman-
tics. Argmax tokens replaces each future position
by the argmax token from the model’s next-block
distribution, turning the temporary future view into
a discrete argmax-token view.

C.2 Temporal-Only Control

To isolate temporal stability from soft-future in-
formation, Temporal-only removes the soft-future
step and compares consecutive masked-state distri-
butions using the same thresholds as FUSA.

Table 12: Temporal-only control on GSM8K and MBPP.
Scores are percentages, and steps are average denoising
steps.

Method GSMSK MBPP
Acc. Steps Pass@1 Steps

Temporal-only  74.53  78.83 37.74 63.86

FUSA 75.89 81.18 42.80 62.90

FUSA improves over Temporal-only on both
benchmarks, with a particularly large 5.06-point
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Table 10: Token-category JS gaps with pointwise 95% paired sample-bootstrap confidence intervals.

Alphabetic gap [95% CI]

Structural gap [95% CI]

Benchmark Numeric gap [95% CI]

GSMSK +.0796 (n=100) [.0665, .0927]
MATHS500  +.0658 (n=98) [.0433, .0888]
HumanEval  +.1042 (n=56) [.0688, .1403]
MBPP +.0613 (n=064) [.0372, .0883]

+.0510 (n=100) [.0417, .0603]
+.0803 (n=100) [.0643, .0968]
+.1193 (n=100) [.1056, .1330]
+.0605 (n=100) [.0361, .0856]

+.0948 (n=100) [.0873, .1021]
+1112 (n=99) [.0980, .1242]
+.1369 (n=100) [.1247, .1491]
+.1004 (n=100) [.0885, .1128]

Table 11: Generation-stage JS gaps for the first three 64-token blocks. Brackets give pointwise 95% paired sample-

bootstrap confidence intervals.

Benchmark

Early gap [95% CI]

Middle gap [95% CI]

Late gap [95% CI]

GSM8K

+.0636 (n=100) [.0512, .0758]

MATH500  +.1257 (n=100) [.1061, .1449]
HumanEval +.1703 (n=100) [.1519, .1884]
MBPP +.0709 (n=100) [.0565, .0853]

+.0923 (n=100) [.0822, .1022]
+.1059 (n=99) [.0897, .1225]
+.1257 (n=74) [.1010, .1510]
+.1224 (n=57) [.0986, .1468]

+.0642 (n=97) [.0539, .0746]
+.0717 (n=99) [.0603, .0830]
+.1072 (n=96) [.0901, .1249]
+.0892 (n=49) [.0639, .1137]

gain on MBPP. This shows that the soft-future view
provides useful signal beyond ordinary temporal
convergence.

C.3 Threshold-Only Soft-Future Alternation
Control

We compare FUSA with a threshold-only control:
Confidence decoding with masked/soft-future al-
ternation, threshold 0.90, fallback top-confidence
commitment, and no JS/floor acceptance rule.

Table 13: Threshold-only control using the same o as
FUSA. Scores are percentages; parentheses give average
denoising steps.

Benchmark o Control FUSA

GSMSK 0.65 75.82(70.15) 75.89 (81.18)
MATHS500 0.75 31.20 (97.66) 34.40 (102.69)
HumanEval 0.65 36.59 (74.90) 37.20 (85.37)
MBPP 0.65 37.35(57.26) 42.80 (62.90)

Table 13 shows that alternation alone is insuf-
ficient. The control nearly matches FUSA on
GSMBSK, but trails on MATHS500 and especially
MBPP. Thus, the key benefit comes from using soft
futures as a JS/floor stability test rather than merely
alternating future views.

D Additional Ablations

D.1 Soft-Mask Mixing Ablation

Table 14 studies the soft-mask mixing coefficient
« on GSM8K and MBPP while holding the other
decoder settings fixed. Each benchmark reports
task score and average denoising steps.

Table 14: Ablation of the soft-mask mixing coefficient
a. Each benchmark reports task score and average de-
noising steps in separate columns.

GSMSK MBPP

Acc  Steps Pass@1 Steps
0.00 6.75 50.69 31.52 33.92
050 10.31 60.86  41.63 55.73
0.65 75.89 8I1.18 42.80 62.90
075 75.13 81.23 40.86 64.62
085 75.28 81.09 40.08 65.49
1.00 7475 81.12 37.74 65.16

The results show that the soft future signal
should be mixed rather than used at either extreme.
A fully soft future view (o = 0) sharply degrades
performance, while o = 1 removes the semantic
future signal and reduces to a masked future view.
The intermediate setting o = 0.65 performs best
on both benchmarks, supporting an uncertainty-
preserving soft future representation.

D.2 GSMSK Hyperparameter Ablation

Table 15 reports a focused ablation of FUSA on
GSMSK using LLaDA, with the high-confidence
threshold and soft-mask mixing coefficient fixed.
We vary only the robust confidence floor and JS
threshold. The main setting is selected from valida-
tion splits rather than by maximizing this test-set
sensitivity grid; therefore, bold marks the best ob-
served test accuracy, and T marks the main setting
used in Table 1.
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Table 15: GSMS8K ablation of FUSA for LLaDA with
Thigh = 0.95 and o = 0.65 fixed. Each cell reports ac-
curacy with average denoising steps, equivalently model
forward calls, in parentheses. Accuracy is computed
over 1,319 examples.

JS threshold e
0.006

74.53% (75.38)
75.74% (77.61)
75.59% (79.99)

Tfoor

0.004

070  75.51% (77.67)
075  76.57% (79.11)
0.80  75.89%" (81.18)

0.008

74.22% (73.93)
75.44% (76.22)
75.66% (78.95)

T denotes the main FUSA setting selected from validation
splits: Taoor = 0.80 and JS threshold € = 0.004.

D.3 MBPP Hyperparameter Ablation

Table 16 reports the corresponding MBPP ablation
under the same fixed high-confidence threshold
and soft-mask mixing coefficient, 7, = 0.95
and o = 0.65. As in the GSM8K ablation, we
vary only the robust confidence floor and the JS
threshold. Each cell reports pass@1 with the aver-
age number of denoising steps, equivalently model
forward calls, in parentheses.

Table 16: MBPP ablation of FUSA with Tyjgn, = 0.95
and a = 0.65 fixed. Each cell reports pass@1 with
average denoising steps, equivalently model forward
calls, in parentheses.

JS threshold e
0.006

40.47% (60.77)
42.41% (61.96)
42.80% (62.90)

THoor

0.004

0.70  41.63% (63.39)
0.75  41.63% (63.32)
0.80  42.41% (64.43)

0.008

40.47% (58.72)
40.47% (60.32)
42.41% (62.50)

FUSA corresponds to Taoor = 0.80 and JS threshold
e = 0.006.

The MBPP trend is consistent with the selected
benchmark setting in Table 20. A higher robust
confidence floor generally improves pass@]1, sug-
gesting that code-generation tokens benefit from
a more conservative acceptance floor. The best
observed setting is Tgoor = 0.80 and € = 0.006,
which improves pass@1 while retaining a lower
step count than the stricter € = 0.004 setting at the
same confidence floor.

D.4 Future-Perturbation Window Ablation

FUSA uses K = 1 as its default local-probe de-
sign, perturbing only the immediately following
block. To examine whether broader future per-
turbations provide a stronger stability signal, Ta-
ble 17 compares this default with K = 2, which
perturbs the next two future blocks, and K = oo,

which perturbs the full masked suffix. All other
benchmark-specific hyperparameters are kept fixed
as in Table 20.

Table 17: Ablation of the future perturbation window.
K denotes how many masked future blocks are softly
perturbed when computing the stability signal; K = 11is
the default local-probe setting and K = oo denotes the
full masked suffix. Each cell reports score with average
denoising steps in parentheses.

Benchmark K = 1 (main) K=2 K=o

GSMBK 75.89% (81.18) 75.06% (81.08) 74.30% (81.56)
MATHS500  34.40% (102.69) 34.80% (101.87) 33.80% (103.37)
HumanEval 37.20% (85.37) 35.98% (85.08) 35.37% (85.11)
MBPP 42.80% (62.90) 40.86% (63.50) 40.47% (62.46)

Evaluation sizes are 1,319 for GSM8K, 500 for MATH500,
164 for HumanEval, and 257 for MBPP.

The K = 2 variant consistently outperforms
K = oo, indicating that perturbing the entire
masked suffix can dilute the local stability signal.
However, it does not replace the default ' = 1 set-
ting: K = 1 is strongest on GSM8K, HumanEval,
and MBPP, while MATHS500 is the only exception,
with a small 0.40-point gain from K = 2.

A plausible explanation is that FUSA uses future
information as a diagnostic probe rather than as ad-
ditional context. For this probe to be informative, it
should perturb unstable predictions more strongly
than stable ones. The immediately following block
provides the most reliable continuation of the active
block, whereas more distant future blocks are pre-
dicted while additional intermediate blocks remain
masked and are therefore less reliable. Perturbing
a broader future window can consequently affect
both stable and unstable hypotheses, reducing the
discriminative power of the stability signal. This
explanation is a mechanistic hypothesis rather than
a formal theoretical characterization.

E OpenWebText Generation Experiments

E.1 Evaluation and Results

We evaluate unconditional long-form genera-
tion using an OpenWebText-pretrained MDLM
checkpoint. Table 18 compares 1,000 gener-
ated samples of length 1,024 against held-out
OpenWebText (Gokaslan and Cohen, 2019) refer-
ences. MDLM, ReMDM-loop (Wang et al., 2025),
and FUSA share the OpenWebText-pretrained
MDLM checkpoint; SEDD is a contextual discrete-
diffusion baseline, and AR is the same-codebase
autoregressive checkpoint. MAUVE (Pillutla et al.,
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2021) measures distributional similarity to ref-
erences, Gen. PPL scores fluency using GPT-
2 (Radford et al., 2019), and entropy is a token-
distribution diversity statistic.

Table 18: Unconditional OpenWebText text quality.
Higher MAUVE is better, lower Gen. PPL is better,
and entropy is reported as a diversity statistic. Gen. PPL
is computed with GPT-2 (Radford et al., 2019) as the
evaluator. The controlled same-checkpoint comparison
is MDLM versus FUSA; SEDD and AR are contextual
baselines.

Method MAUVE 1+ Gen. PPL | Entropy
AR 0.783 12.72 7.076
SEDD 0.040 102.21 7.488
MDLM 0.143 48.92 7.220
ReMDM-loop 0.382 35.09 7.190
FUSA 0.405 37.65 7.157

AR serves as a strong reference baseline rather
than a diffusion sampler. The controlled MDLM
comparison is MDLM versus FUSA under the
same checkpoint, where FUSA improves MAUVE
from 0.143 to 0.405 and reduces Gen. PPL from
48.92 to 37.65. ReMDM-loop is also strong, with
lower Gen. PPL but slightly lower MAUVE than
FUSA. Overall, the OpenWebText experiment sup-
ports the claim that soft future decoding improves
unconditional MDLM text quality.

E.2 Sampler and Checkpoint Details

The OpenWebText text-quality experiment uses
sampler implementations and checkpoints from the
ReMDM codebase (Wang et al., 2025).

ReMDM-loop is a separate non-monotonic re-
masking baseline rather than a future-perturbation
method. Unlike the standard MDLM sampler,
which mostly moves monotonically from masks
to tokens, ReMDM-loop allows already revealed
tokens to be remasked during an intermediate time
window. In our run, it uses generation length 1024,
512 steps, top-p = 0.9, n = 0.02, t,n, = 0.55,
tog = 0.05, aon = 0.9, and 1,000 total samples.

The FUSA run uses soft future perturbations
with Thien = 0.95, a = 0.65, Taoor = 0.80, JS
threshold 0.006, soft top-p = 0.85, generation
length 1024, and 1024 denoising steps.

SEDD is a contextual discrete-diffusion baseline,
not a same-checkpoint ablation of FUSA; the con-
trolled decoder comparison remains MDLM versus
FUSA.

The AR baseline is not an external GPT-style
model. It is the OpenWebText-trained autoregres-

sive checkpoint provided by the same codebase, us-
ing a causal autoregressive configuration with gen-
eration length 1024, 1024 steps, and top-p = 0.9.

F Transfer Evaluation on
CoDA-1.7B-Instruct

To examine whether FUSA transfers beyond the
LLaDA model family, we evaluate CoDA-1.7B-
Instruct (Chen et al., 2025a), a code-specialized
full-attention diffusion model, on HumanEval and
MBPP. We use the evaluation setup described in
Appendix G and directly reuse the MBPP-selected
hyperparameters in Table 20, without any CoDA-
specific tuning.

Table 19: Transfer results on CoDA-1.7B-Instruct.
Steps denote average model forward evaluations, TPS
denotes generated tokens per second, and speedup is
measured relative to Top-1.

Task Method Pass@11 Steps/ TPS?T Speedup 1

HumanEval  Top-1 39.63% 256.00  57.05 1.00x
FUSA 39.63% 40.66  281.54 4.94x

MBPP Top-1 57.59% 256.00  59.43 1.00x
FUSA 58.37% 58.86 193.27 3.25x%

As shown in Table 19, FUSA matches the Top-1
Pass@1 on HumanEval and improves it by 0.78
points on MBPP, while using 6.30x and 4.35x
fewer forward evaluations, respectively, and achiev-
ing 4.94 x and 3.25x wall-clock speedups. These
results indicate that the efficiency gains of FUSA
transfer to CoDA without model-specific tuning.

G Evaluation Setup

G.1 FUSA Hyperparameter Settings

We select task-level FUSA configurations using de-
velopment subsets sampled from the official train-
ing splits: 500 examples from GSM8K, 100 exam-
ples from MATH, and 100 examples from MBPP.
The HumanEval configuration directly reuses the
setting selected on MBPP without an additional
search.

The high-confidence threshold 7y;g1, is fixed
to 0.95 across all benchmarks. The confidence
floor Tge0r, soft-mask mixing coefficient «, and JS
threshold e are selected using the corresponding
development subsets. Table 20 summarizes the
resulting configurations.

These task-level configurations are subsequently
transferred unchanged to LLaDA-1.5. The MBPP-
selected configuration is also applied to CoDA-
1.7B-Instruct without model-specific tuning. Sen-
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sitivity analyses for o, Tgo0r, and € are provided in
Appendices D.1, D.2, and D.3.

Table 20: Benchmark-specific hyperparameter settings
for FUSA.

Benchmark  7uign « THoor JSE€
GSMBK 095 065 080 0.004
MATHS500 095 075 0.70 0.006
HumanEval 095 0.65 0.80 0.006
MBPP 095 065 0.80 0.006

G.2 Baseline Sampler Settings

All baseline samplers are reported under their
best benchmark-specific settings, while keeping
the model, prompt format, maximum generation
length, block size, and evaluation script fixed
across methods. Table 21 summarizes the fixed
sampler settings, and Table 22 lists the benchmark-

specific KLLASS thresholds.

Sampler Setting Value
Method eb
Max new tokens 256
Block size 64

EB-Sampler 5 001
Proxy / scope confidence / block
Temperature 0.0
Generation length / steps 256 /256
Block length 64

KLASS History length 2
Unmask strategy all
Temperature 0.0
Method 1rd
Max new tokens 256
Block size 64
Temperature 0.0
LRD Top-p 0.85

Base / flex rate 0.9570.05
Cold start 6
Diff / KL threshold 0.1/0.1

Table 21: Fixed baseline sampler settings.

Benchmark | Conf. thr. KL thr.
GSM8K 0.6 0.015
MATHS500 0.6 0.010
HumanEval 09 0.010
MBPP 0.7 0.010

Table 22: Benchmark-specific KLASS hyperparame-

ters.

G.3 Benchmark Prompts

All decoding methods use the same benchmark-
specific prompts and graders. Table 23 summarizes
the prompt format used for each benchmark.

Benchmark

GSMSK

Prompt

Question: {question}
Let’s think step by step.
Answer:

MATHS500 Problem: {problem}

Let’s think step by step.
Conclude with the final answer in
\boxed{...}.

Answer:

HumanEval  Original HumanEval function-completion

prompt.

MBPP Three-shot code-generation prompt with

unit tests.

Table 23: Benchmark prompts used for all decoding
methods. GSM8K and MATHS500 use minimal zero-
shot reasoning prompts, HumanEval uses the original
function-completion prompt, and MBPP uses a three-
shot code-generation prompt with unit tests.

G.4 WritingBench Evaluation Setup

We use a total context length of 4,096 tokens and a
maximum generation length of 1,024 tokens, leav-
ing a 3,072-token prompt budget. Starting from
555 English WritingBench prompts, we exclude
seven whose chat-formatted inputs exceed this bud-
get. From the remaining 548 prompts, we construct
a fixed, domain-balanced subset of 100 prompts
by sampling with seed O in a round-robin manner
across the six high-level domains, yielding 16—17
prompts per domain. The same subset is used for
Top-1 and FUSA.
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H Examples of Generated Samples

We present qualitative examples from mathematical
reasoning and code-generation benchmarks to il-
lustrate how FUSA avoids premature commitment
errors made by greedy token selection. Across
these examples, Top-1 produces locally plausible
continuations that miss a key constraint, whereas
FUSA preserves the relevant condition and reaches
the expected behavior.

MATH sample 134, Intermediate Algebra
level 4

Question. Let F; = (10,2) and F» = (—16, 2).
The set of points P such that

|PFy — PFy| =24
forms a hyperbola:

(=h? _(-k?

a? b2

Find h + k + a + b. The correct answer is 16.

Top-1 (wrong).
The center is the midpoint of the foci

(=3, 2).

The distance between the foci is 26, so it sets 2a = 26
and a = 13.
Then ¢ = 13.

Since the hyperbola is oriented along the x-axis, b = 0.
h+k+a+b=-3+2+13+0=12.

Final answer: 12.

FUSA (correct).

The distance between the foci is 2c = 26, so ¢ = 13.

The center is:

(=3, 2).
The condition |PF1 - PF2| = 24 means 2a = 24, so a = 12.

Using c*2 = a*2 + b*2:
b*2 = 13%2 - 12%2 = 169 - 144 = 25,
so b =5.

Therefore:
h+k+a+b=-3+2+12+5=16.

Final answer: 16.

Observation. Top-1 confuses the focal distance
2c with the hyperbola difference constraint 2a,
setting a = 13 and collapsing to b = 0. FUSA
correctly uses 2a = 24, recovers b = 5, and
obtains the right answer.

HumanEval sample 27

Task. flip_case(string: str) -> str: flip
the case of alphabetic characters while preserv-
ing non-letter characters. The Top-1 baseline

handles lowercase and uppercase letters, but
drops non-letter characters because it has no
fallback branch. FUSA adds the missing else
case and appends unchanged characters.

Top-1.
def flip_case(string: str) -> str
result = ""
for char in string:
if char.islower():
result += char.upper()
elif char.isupper():
result += char.lower()
return result

FUSA.

def flip_case(string: str) -> str
result = ""
for char in string:
if char.islower():
result += char.upper()
elif char.isupper():
result += char.lower()
else:
result += char
return result

MBPP sample 46 / task 99

Task. Convert a decimal number to a bi-
nary string with no leading zeros. Tests in-
clude decimal_to_binary(8) == ’1000’,
decimal_to_binary(18) == ’10010’, and
decimal_to_binary(7) == ’111’. The Top-1
baseline uses floating-point division in the loop,
while FUSA uses integer floor division and pre-
serves the intended recurrence over bits.

Top-1.
def decimal_to_binary(n):
if n == 0:
return 'Q’
binary_str =
while n > @:
binary_str = str(n % 2) + binary_str
n/=2
return binary_str

FUSA.

def decimal_to_binary(n):
if n == 0:
return 'Q’
binary_str = "'
while n > @:
binary_str = str(n % 2) + binary_str
n=n//2
return binary_str
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