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Abstract
Masked diffusion language models (dLLMs) have
recently emerged as a competitive alternative to
autoregressive language models, with the promise
of faster inference via parallel token generation.
A notable limitation of the masked formulation,
however, is that once a token has been unmasked
it can no longer be revised, leaving dLLMs vul-
nerable to early sampling mistakes. To address
this, a growing body of work has sought to extend
masked dLLMs with self-correcting (remasking)
capabilities. One appealing subset of these meth-
ods does so in a training-free, post-hoc manner
based on token confidences, with encouraging
early reported results. In this work, we revisit the
empirical evaluation of a representative post-hoc
remasking method, WINO (Hong et al., 2026),
and find that under standard decoding settings
(shorter block lengths) it brings little-to-no bene-
fit over confidence-based unmasking alone (Wu
et al., 2025). Extending the evaluation to non-
greedy decoding, we find that while confidence-
based remasking can mitigate errors introduced
by increased stochasticity to some extent, it also
exacerbates the diversity collapse previously re-
ported for confidence-based unmasking. Over-
all, our results show that the benefits of post-hoc
confidence-based remasking are highly setting-
dependent, underscoring the need for a more com-
prehensive evaluation framework.

1. Introduction
Autoregressive (AR) language models have become the
dominant paradigm for text generation, but their sequential
left-to-right decoding inherently limits inference through-
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put. Masked diffusion language models (dLLMs; Sahoo
et al. 2024; Shi et al. 2024) have recently emerged as a com-
petitive alternative: starting from a fully-masked sequence,
dLLMs progressively unmask tokens in arbitrary order, en-
abling parallel decoding within each step. Recent work has
scaled dLLMs to billions of parameters (Nie et al., 2025; Ye
et al., 2025; Bie et al., 2025; Bethune et al., 2026) and shown
that they match AR models on a range of downstream tasks
while offering the prospect of substantially more efficient
inference (Wu et al., 2025; Ben-Hamu et al., 2025; Kim
et al., 2025b; Jazbec et al., 2025).

A well-known limitation of the masked diffusion paradigm
is that, once a token has been unmasked, the model has
no mechanism to revisit it (Wang et al., 2025; von Rütte,
2026), even if, later in the generation process and with
more context, another token would be a better fit. This
stems directly from the absorbing forward process used
during training, and it makes masked dLLMs susceptible to
error propagation and limits their overall performance. To
address this, a large body of work has recently attempted
to equip masked dLLMs with self-correcting capabilities,
either through finetuning/continual pre-training (Kim et al.,
2025a; Schiff et al., 2026; Chen et al., 2026; Yu et al., 2026),
RL post-training (Huang et al., 2025), or post-hoc (Hong
et al., 2026; Dong et al., 2025; Xiang et al., 2026), i.e. in a
training-free manner. The latter is particularly appealing as
it can be applied off-the-shelf to any pretrained dLLM. A
representative example is WINO (Hong et al., 2026), which
complements confidence-based adaptive unmasking (Fast-
dLLM; Wu et al. 2025) with a confidence-based remasking
step that reverts already-decoded tokens deemed unlikely
under their surrounding context.

In this work, we do not propose a new remasking ap-
proach but instead aim to better understand when training-
free, confidence-based remasking actually helps in masked
dLLMs. To this end, we revisit the empirical evaluation
of WINO (Hong et al., 2026), asking how much benefit
remasking adds beyond strong confidence-based unmasking
like Fast-dLLM (Wu et al., 2025) — a crucial comparison
lacking in prior work (Section 3.1). We find that in the
standard sampling setting (short block lengths, greedy de-
coding), WINO performs on par with Fast-dLLM, yielding
negligible benefits, especially once the extra latency cost of
remasking is accounted for. We trace this ineffectiveness to

1



Re-evaluating Confidence Remasking in Masked Diffusion Language Models

a failure of the underlying dLLM to propose alternative, ‘bet-
ter’ tokens at positions flagged for remasking (Section 3.2).

Extending the evaluation to stochastic generation (Sec-
tion 3.3), we find that the picture becomes more nuanced.
Under non-greedy decoding, confidence-based remasking
helps mitigate some stochasticity-induced errors (indicated
by improved pass@1 rates) but aggravates the diversity col-
lapse previously reported for confidence-based unmasking
(Ni et al., 2026; Olausson et al., 2026). In contrast, when
paired with recently proposed learned Bernoulli unmask-
ing policies (Chen et al., 2025), WINO yields meaning-
fully larger gains than on top of deterministic Fast-dLLM.
Together, these results highlight that the effectiveness of
current post-hoc remasking is highly dependent on the de-
coding setting (block size, unmasking strategy, sampling
temperature) and call for more comprehensive evaluation
frameworks going forward.

2. Background
We denote a sequence of tokens by x = (x1, . . . , xL) ∈
VL, where V := {1, . . . , V } is the vocabulary and L is
the sequence length. Given our focus on masked discrete
diffusion, the vocabulary is extended with a special mask
token denoted with M. Throughout, we use the notation [L]
to represent the set {1, . . . , L} for brevity. With unmasking
we refer to M → x transitions and with remasking to x → M
(where x ∈ V/{M}).

2.1. Masked Diffusion Language Models

Masked Diffusion Models (MDMs) are a form of absorbing
discrete diffusion (Austin et al., 2021a; Hoogeboom et al.,
2021) whose noise distribution concentrates on a single
absorbing state M. Under the continuous-time formulation
of Campbell et al. (2022), the forward process independently
replaces each token of x0 ∼ pdata with a mask token M:

pt|0(xt|x0) =

L∏
k=1

α(t)1[xk
t = M] + (1− α(t))1[xk

t = xk
0 ]

where α(t) is a masking probability governed by a monoton-
ically increasing schedule α : [0, 1] → [0, 1] with α(0) = 0
and α(1) = 1. The reverse (generative) process is typi-
cally modeled by training a network qθ to approximate the
true reverse conditional p0|t directly, since its ELBO admits
the simple masked-prediction form (Sahoo et al., 2024; Shi
et al., 2024; Ou et al., 2025):

−L(θ) ≜ Et,x0,xt

[
1

t

L∑
k=1

1[xk
t = M] log qkθ (x

k
0 | xt)

]
,

with t ∼ U [0, 1], x0 ∼ pdata, xt ∼ pt|0, and qkθ (· | xt)
denoting the model’s predicted marginal at position k. Re-

cently, such models have been scaled to multi-billion param-
eters architecture on text data, (Nie et al., 2025; Ye et al.,
2025) - we refer to such models as masked diffusion large
language models (dLLMs) throughout the paper.

2.2. Unmasking in dLLMs

At test time, the reverse process is discretized and starting
from a fully-masked sequence xT := ML new samples
are obtained via progressive unmasking. Representing the
current generation as xt ∈ VL with still-masked positions
Mt := {k ∈ [L] | xk

t = M}, the next-step generation xt−1

is sampled via

xk
t−1 :=

{
x ∼ qkθ (· | xt ; τ), if k ∈ UK

t ,

xk
t , otherwise.

where the set UK
t of K ≥ 1 unmasking positions is sam-

pled uniformly at random (without replacement) from Mt

(Zheng et al., 2025; Nie et al., 2025) and the process is
repeated until there are no masked positions left (Mt = ∅).
Here τ denotes a sampling temperature, with higher temper-
atures yielding more diverse generated samples. In dLLMs,
it is common to set τ = 0 which corresponds to greedy
token selection.

Algorithm 1 WINO sampling algorithm (Hong et al., 2026).
Differences to Fast-dLLM (Wu et al., 2025) unmasking are
denoted in blue .

1: Input: xt, bt, qθ , τ , λ1, λ2 ,
2: Output: xt−1, bt−1

3: x̃t ← [xt,M, . . . ,M] ∈ VL+BL

4: B ← [bt ·BL : (bt + 1) ·BL]
5: Mt ← {k ∈ B | xk

t = M}
6: qkt ← qkθ (· | x̃t)

7: xk
0 ∼ qkθ (· | x̃t ; τ)

8: ckt ← qkt (x
k
0)

9: Ut ← {k ∈Mt | ckt > λ1} ∪ {argmaxk∈Mt c
k
t }

10: c̃kt ← qks
t (xk

t ), ks = L+ (k − bt ·BL)

11: Rt ← {k ∈ B \Mt | c̃kt < λ2}

12: Rt ← Loop-guard(Rt,Ut+1)

13: xk
t−1 :=


xk
0 , k ∈ Ut
M , k ∈ Rt

xk
t , else

14: bt−1 :=

{
bt + 1 , {k ∈ B|xk

t−1 = M} = ∅
bt , else

In practice, confidence-based unmasking is often chosen
over random unmasking due to better empirical perfor-
mance. Two particularly popular instantiations are high-
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confidence sampling (Chang et al., 2022; Nie et al., 2025)
where K positions with the highest token confidence1

ckt ≜ maxv q
k
θ (v | xt) are unmasked

UK
t := argmax

I⊆Mt, |I|=K

∑
k∈I

ckt (1)

and Fast-dLLM (Wu et al., 2025) where all positions with
token confidence larger than a pre-specified threshold λ1

are unmasked

Uλ
t := {k ∈ Mt | ckt > λ1} ∪ {arg max

k∈Mt

ckt } (2)

with a fallback to the position with the highest confidence
to ensure progress is made in every sampling step. Due to
its adaptive nature, Fast-dLLM was empirically shown to
push the frontier of parallel-token generation in dLLMs.

Additionally, confidence-based samplers are often combined
with semi-autoregressive (semi-AR; Arriola et al. 2025)
sampling, which restricts unmasking to a contiguous block
of BL < L tokens at a time and proceeds block-by-block
in a left-to-right order (i.e., once all positions in the current
block are unmasked, generation moves to the next block).
Empirically, semi-AR sampling has proved essential for
confidence-based samplers, as using too large block length
BL leads to compromised performance (Nie et al., 2025).

2.3. Confidence-based Remasking in dLLMs

In masked dLLMs, once a position has been predicted/un-
masked, the model has no option to revisit it, even if at a
later time step, and with additional context, another token
would be a better fit. This makes masked models susceptible
to early sampling mistakes from which they can not recover
(Wang et al., 2025). Note that the inability to remask stems
from the absorbing (towards M) forward process used dur-
ing training. To overcome this limitation, a growing body
of literature has tried to extend masked dLLMs with self-
correcting capabilities (Hong et al. 2026; Kim et al. 2025a;
Huang et al. 2025; Schiff et al. 2026; inter-alia). While most
approaches require some form of retraining or finetuning,
we focus here on methods that aim to achieve remasking in
a post-hoc, i.e., training-free, manner.

A representative post-hoc remasking approach is WINO
(Hong et al., 2026), where the idea of confidence threshold-
ing unmasking (Wu et al., 2025) is extended to remasking.
To get informative remasking confidences efficiently, WINO
attaches to the current generation xt an auxiliary block of
the so called shadow tokens x̃t = [xt,M, . . . ,M] ∈ VL+BL,
one per position in the active block bt. Crucially, each
shadow position has the same positional embedding as its
corresponding position in the original block but is prevented

1For non-greedy sampling, the confidence is defined instead as
ckt ≜ qkθ (x | xt), x ∼ qkθ (· | xt ; τ).

from attending to the (unmasked) token at the original po-
sition via a custom attention mask (see Figure 2). This
ensures that the shadow output approximates a re-prediction
(starting from M instead of the current token xk

t ) of that po-
sition given the surrounding context without the cost of an
additional forward pass:2

qks

θ (· | x̃t) ≈ qkθ (· | xt,−k) (3)

where ks = L+ (k− bt ·BL) is the shadow position corre-
sponding to the k-th original position and xt,−k corresponds
to current generation xt with the k-th token masked out (i.e.,
leave-one-out style prediction). Note that original positions
do not attend to shadow positions, hence their predictive
distribution is not affected by the presence of the shadow
block: qkθ (· | x̃t) = qkθ (· | xt) for k ≤ L. All presently un-
masked tokens in the active block whose shadow confidence
falls below a fixed threshold λ2 are then remasked

Rt := {k ∈ B \Mt | qks

θ (xk
t | x̃t) < λ2} (4)

where B := [bt · BL : (bt + 1) · BL] denotes the set of
indices in the active block bt; see also Algorithm 1. The
intuition is that if the current token xk

t would not likely be
predicted under the same surrounding context (captured by
shadow predictive distribution qks

θ ), the position is set to M
again so that the model can predict a new token for it in the
future sampling steps under a new context.

Note that once remasking is allowed, convergence (Mt = ∅)
is no longer guaranteed: sampling can enter a loop in which
a given set of positions is repeatedly unmasked to the same
tokens after being remasked. WINO’s implementation3 ad-
dresses this with a loop-guard mechanism that whenever
too many tokens get selected for remasking via confidence
thresholding, i.e. |Rt| ≥ |Ut+1|, only K = |Ut+1| − 1 posi-
tions with the smallest shadow confidences are remasked,
guaranteeing net progress at every step.

3. Re-evaluation of WINO Remasking
We next turn our attention to the question of whether post-
hoc remasking methods such as WINO are effective in im-
proving the performance of masked dLLMs. Note that we
find the empirical evaluation in the WINO paper (Hong et al.,
2026) insufficient for three main reasons: i) high-confidence
sampling (Equation 1) is used as the main baseline, leaving
it unclear whether the performance gains of WINO over
high-confidence sampling come from adaptive unmasking
(Fast-dLLM) or from remasking itself; ii) the evaluation
focuses on larger block lengths (BL ≥ 128), which differs

2The approximation is exact for a single-layer transformer; for
deeper models, the surrounding tokens’ hidden state representa-
tions still encode information about xk

t via self-attention.
3https://github.com/Feng-Hong/WINO-DLLM/

blob/main/LLaDA/decoding.py

3
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from the standard practice of using smaller block lengths
(e.g., BL = 32). Moreover, confidence-based unmasking
is known to struggle at larger block lengths, making the
comparison potentially biased (Nie et al., 2025); and iii)
the impact of remasking is studied primarily under greedy
decoding (τ = 0), leaving unanswered the question of how
remasking affects performance under non-greedy decoding.

3.1. WINO vs Fast-dLLM

We start by investigating whether WINO remasking can
bring meaningful performance gains over confidence-
threshold unmasking alone (Wu et al., 2025).

Experiment details We compare Fast-dLLM decoding
with WINO decoding on two open-source dLLMs: LLaDA-
8B-Instruct (Nie et al., 2025) and Dream-v0-Instruct-7B (Ye
et al., 2025). We evaluate on four standard benchmarks:
GSM8k (Cobbe et al., 2021), MATH-500 (Hendrycks et al.,
2021), HumanEval (Chen et al., 2021a), and MBPP (Austin
et al., 2021b). For both decoding methods, we vary the
unmasking threshold λ1 ∈ {0.5, 0.6, 0.7, 0.8, 0.9} to obtain
pareto-frontiers for each approach. For WINO, we set the
remasking threshold λ2 = 0.8 and use greedy decoding
(τ = 0). To understand the impact of different block lengths
on the impact of remasking, we vary BL ∈ {32, 128}:
BL = 32 is the current standard setting for LLaDA-style
models (Ni et al., 2026; Wu et al., 2025), while BL = 128
is the primary setting reported in the WINO paper.

Focusing first on the BL = 32 results (Figure 1), we ob-
serve that remasking sometimes improves performance (e.g.,
see LLaDA’s performance on HumanEval), but the gains
are generally marginal and inconsistent across datasets and
along the Pareto frontier. Concretely, WINO improves over
Fast-dLLM’s top performance by ∼0.4% and ∼0.5% on
LLaDA and Dream models, respectively (averaged across
the four datasets considered). Beyond the marginal size of
these gains, comparing the efficiency of WINO and Fast-
dLLM solely in terms of NFEs is potentially misleading:
each WINO forward pass extends the sequence with an ad-
ditional shadow block, thereby increasing both FLOPs and
latency per step. To account for this, we also report results
in terms of throughput (tokens/second). As shown in Fig-
ure 3, on most datasets WINO reaches its top performance
at lower throughput than Fast-dLLM, which, combined with
its marginal accuracy improvements, suggests that WINO’s
gains may not justify its added computational overhead and
implementation complexity. Additionally, in Appendix C.1
we ablate several of WINO’s design choices (confidence-
thresholding mechanism, loop-guard variant, unmasking
aggressiveness, etc.) and find that the lack of meaningful
gains at BL = 32 persists across all configurations.

We next turn to BL = 128, the main setting considered in
the WINO paper (Hong et al., 2026). Here remasking yields

larger gains (Figure 1) when compared to Fast-dLLM, on
average improving top performance by ∼1.3% and ∼1.5%
on LLaDA and Dream, respectively. Possibly this is be-
cause a larger block length gives WINO more opportunity
to correct mistakes over a longer range. However, masked
dLLMs like LLaDA are known to degrade under confidence-
based samplers like Fast-dLLM as block length grows, due
to corrupted EOS confidences that produce degenerate gen-
eration orders (Jazbec et al., 2025). The fact that WINO
at BL = 128 underperforms Fast-dLLM at BL = 32 thus
suggests that remasking is repairing Fast-dLLM’s specific
failure mode at large block lengths rather than genuinely
raising the underlying dLLM’s performance ceiling. More-
over, as seen in Figure 3, the latency overhead of WINO due
to shadow tokens is, as expected, even larger for BL = 128.

Takeaway 1. While WINO can mitigate perfor-
mance degradation of confidence-based unmasking
for larger block lengths (BL = 128), it fails to
meaningfully increase the performance ceiling of
masked dLLMs for more commonly used smaller
block lengths (BL = 32).

3.2. Investigating WINO’s ineffectiveness for BL = 32

Following our observation on WINO’s limited performance
gains for shorter block lengths (BL = 32), we now aim to
understand the potential reasons behind it.

We first examine the quality of the shadow-token approxima-
tion for the remasking confidence (Equation 3). Recall that,
ideally, remasking would be based on the oracle, leave-one-
out confidence qkθ (· | xt,−k). However, computing such
oracle confidences requires an additional forward pass for
every candidate remasking position at each sampling step.
We nevertheless compute it here to obtain an upper bound
on remasking performance via confidence-thresholding. In-
terestingly, as reported in Figure 5, WINO’s shadow confi-
dences match the performance of oracle confidences while
being much cheaper (the oracle approach requires ∼14×
as many NFEs). We further compare top-1 consistency
between shadow and oracle predictive distributions in Fig-
ure 6, finding it to be ∼100%, further validating the quality
of shadow token approximation. Moreover, when relying on
the original dLLM’s confidence qkθ (· | xt) at the unmasked
position to decide on remasking, the approach fails to im-
prove over unmasking alone, confirming the necessity of
the shadow-tokens.

Since the shadow-token approximation does not explain
WINO’s limited gains, we next measure the flip-flop fre-
quency of WINO, following the analysis proposed in (Xiang
et al., 2026). Concretely, the flip-flop frequency is defined
as the proportion of remasks that result in no token change,
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Figure 1. Pareto fronts of accuracy vs. network function evaluations (NFEs) for WINO and Fast-dLLM, sweeping the unmasking threshold
λ1 ∈ {0.5, 0.6, 0.7, 0.8, 0.9}, with block lengths BL ∈ {32, 128} and WINO remasking threshold λ2 = 0.8 (greedy decoding, τ = 0).
At the standard short block length (BL = 32), WINO yields only marginal and inconsistent improvements over Fast-dLLM; at BL = 128
WINO gains are larger; however since WINO BL = 128 underperforms Fast-dLLM BL = 32 this suggests it primarily compensates for
Fast-dLLM’s known degradation at large block lengths rather than raising the underlying dLLM’s performance ceiling. When reporting
∆, we take the difference between the best accuracy of WINO and the best accuracy of Fast-dLLM, each evaluated at its optimal point
along its respective Pareto frontier.

i.e., a position is remasked and then re-predicted to the same
token at a later sampling step. As shown in Figure 4, flip-
flops occur at high rates across the entire Pareto frontier: on
average ∼ 75–90% for LLaDA and ∼ 85–95% for Dream
of remasked positions end up with the same token. Com-
bined with the shadow-token result above, this shows that
WINO is effective at identifying positions that need remask-
ing (at least relative to the oracle confidence); the underlying
dLLM, however, fails to propose better alternatives at those
positions, as indicated by high flip-flop rates.

One possible explanation for high flip-flop rates is that the
later tokens were unmasked conditioned on xk

t , so even after
position k is remasked, the surrounding context still encodes
xk
t and pins the predictive distribution back to it. To test this

cascading-dependency hypothesis, we run an ablation in
Appendix C.2 in which, whenever a position is flagged for
remasking, we additionally remask either i) tokens that were
unmasked at the same or the next few sampling steps, or
ii) its immediate left and right neighbors, giving the dLLM
more flexibility to revise its prediction. Surprisingly, both
variants degrade performance and fail to reduce the flip-flop
rate relative to the default of remasking only the flagged
position. This indicates that cascading dependencies are not
the bottleneck: the dLLM’s inability to propose a better-
fitting token persists even when the conditioning context
around k is partially removed.

Takeaway 2. WINO’s shadow-token confidence
is a good approximation of the oracle, leave-one-
out remasking confidence; however, the underlying
masked dLLM fails to propose better alternative to-
kens at the identified remasking positions indicated
by high flip-flop rates.

3.3. Impact of remasking for stochastic generation

Lastly, we study whether post-hoc remasking is benefi-
cial under stochastic generation. Although this setting is
largely absent from the current literature on remasking in
dLLMs, we believe it is particularly relevant for remasking
approaches, as the increased stochasticity may produce more
erroneous tokens that could benefit from revision. We con-
sider two variants of stochastic generation: i) non-greedy de-
coding (τ > 0) with deterministic unmasking (Fast-dLLM)
and ii) greedy decoding with stochastic unmasking (via
learned Bernoulli policies; Jazbec et al. 2025; Chen et al.
2025).

Non-greedy decoding (τ > 0) We compare Fast-dLLM
(λ1 = 0.6) and WINO (λ1 = 0.6, λ2 = 0.8) on the LLaDA
model with BL = 32 under non-greedy decoding. Con-
cretely, we consider τ = 0.8, a standard temperature in RL
post-training of dLLMs (Zhao et al., 2025; Tang et al., 2025),
as well as τ = 1.5, motivated by the observation that dLLMs
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benefit from higher sampling temperatures than AR LLMs
(Ni et al., 2026). To measure performance, we report the
commonly used pass@k metric4, which tracks the proba-
bility that at least one of k generated solutions is correct. As
shown in Figure 7, remasking yields decent improvements
at pass@1, e.g., an average improvement of ∼2.6% across
the four datasets at τ = 0.8. However, remasking also ap-
pears to hurt generation diversity: WINO scales worse than
Fast-dLLM as k grows, with gains shrinking to ∼0.7% at
pass@64 for τ = 0.8. This suggests that the previously
observed diversity collapse of confidence-based unmasking
(Ni et al., 2026; Olausson et al., 2026)—where greedily
relying on confidence to decide which positions to sample
constrains exploration of the solution space—may be fur-
ther exacerbated by confidence-based remasking, warrant-
ing future investigation. Interestingly, we also observe that
WINO’s performance improvements shrink slightly at larger
τ = 1.5, with average improvements dropping to ∼1.6%
and ∼0.3% for pass@1 and pass@64, respectively.

Takeaway 3. For non-greedy decoding, WINO
yields decent improvements at pass@1 but exac-
erbates the diversity collapse of confidence-based
unmasking, with gains shrinking as the number of
samples k grows.

Bernoulli unmasking We next consider the case where
tokens are still chosen greedily (τ = 0) but the unmasking
decisions are stochastic. Such stochastic unmaskers, imple-
mented via learned Bernoulli policies, have recently gained
traction as a scalable alternative to confidence-based un-
masking heuristics like Fast-dLLM. As a concrete example,
we consider dUltra (Chen et al., 2025), which during RL
post-training of dLLMs jointly trains an unmasking head
that predicts the unmasking probability of each still-masked
position at every sampling step:

Ut := {k ∈ Mt | bkt = 1}, (5)

bkt ∼ Ber(skt ), (6)

skt = σ
(
fϕ(h

1:L
t )k

)
(7)

where fϕ is the unmasking head, h1:L
t denotes the dLLM’s

last-layer hidden states (before the unembedding matrix),
and σ is the sigmoid function. Note that due to the Bernoulli
sampling of unmasking decisions, dUltra gives rise to
stochastic generation even at τ = 0.

Results comparing dUltra with and without WINO remask-
ing (λ2 = 0.8) at BL = 32 are shown in Figure 8; we

4Following Chen et al. (2021b), we report the unbiased estima-
tor pass@k := E

[
1−

(
n−c
k

)/(
n
k

)]
, where n ≥ k is the number

of samples generated per problem and c is the number of those
that are correct.

report average accuracy and NFEs on test questions over 3
random seeds (with error bars). Promisingly, adding WINO
remasking on top of dUltra improves accuracy by ∼3.2% on
average across datasets, while increasing NFEs by only ∼2
on average. This highlights the potential of post-hoc remask-
ing when paired with stochastic unmasking strategies: it ap-
pears effective at correcting low-quality tokens introduced
by the randomness of Bernoulli unmasking. Moreover, dUl-
tra produces faster generations than Fast-dLLM (e.g., it
reaches ∼80% accuracy in only ∼20 NFEs, versus ∼50
for Fast-dLLM; see Figure 1), which may further explain
WINO’s stronger gains here—more aggressive generation
yields more tokens in need of revision.

Takeaway 4. When paired with stochastic Bernoulli
unmasking samplers, WINO remasking proves more
effective; suggesting that the added value of post-hoc
remasking is sensitive to the choice of unmasking
strategy.

4. Conclusion
To better understand the added value of confidence-based re-
masking in masked dLLMs, we re-evaluated WINO (Hong
et al., 2026), a recently proposed training-free remasking
approach. Our findings suggest that such post-hoc remask-
ing offers little-to-no benefit over unmasking-only sampling
(Fast-dLLM), particularly at shorter block lengths and once
the latency overhead of remasking is properly accounted for.
We further find that WINO’s self-correction yields larger
gains under non-greedy sampling, though at the cost of
generation diversity, and that its overall impact depends on
the unmasking strategy it is paired with. Since our results
suggest that remasking’s impact is highly setting-dependent
(e.g., sampling temperature, unmasking strategy), we hope
that future work adopts the evaluation framework outlined
here to better understand the limits and potential of post-hoc
confidence-based remasking in masked dLLMs.

Limitations and future work While we believe WINO
is representative of confidence-based remasking methods,
future work should also re-evaluate other recent post-hoc
remasking strategies such as ReMDM (Wang et al., 2025),
Saber (Dong et al., 2025), and COVER (Xiang et al., 2026)
under our proposed evaluation framework, to determine
whether our findings are specific to WINO or hold more
generally. If the latter, this would suggest that effective
remasking in masked dLLMs likely requires either some
form of retraining or a shift to uniform discrete diffusion
(von Rütte, 2026). Moreover, while we deliberately focused
on post-hoc remasking, it would be worthwhile to explore
whether the negative impact of remasking on sampling diver-
sity (Figure 7) also extends to approaches that incorporate
remasking via retraining or finetuning (Schiff et al., 2026;
Chen et al., 2026).
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Impact statement This paper presents work whose goal
is to advance the field of Machine Learning. There are many
potential societal consequences of our work, none which we
feel must be specifically highlighted here.
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A. Related Work
Remasking in dLLMs. Several recent works explore remasking in masked dLLMs. One direction focuses on train-time
interventions: Kim et al. (2025a) fine-tune dLLMs for provable self-correction, Schiff et al. (2026) train models to identify
and revise their own errors, Liu et al. (2026) train a separate correction head on top of a frozen dLLM, Bie et al. (2026)
jointly train mask-to-token and token-to-token editing objectives at scale, Yu et al. (2026) introduce introspective objectives,
and Huang et al. (2025) use RL post-training to learn when to remask. A related direction is to move away from purely
absorbing (masked) diffusion to a uniform one that supports remasking ‘naturally’: Von Rütte et al. (2025) train hybrid
mask+uniform diffusion models, Wang et al. (2026) simplify this with purely uniform transitions, and Chen et al. (2026)
convert pretrained masked dLLMs into uniform diffusion models. Our work focuses on a complementary, training-free
direction.

Post-hoc remasking. Several recent methods enable remasking without retraining, typically by applying a confidence-
based criterion at inference time. WINO (Hong et al., 2026), the focus of our re-evaluation, computes remasking confidences
via auxiliary shadow tokens that approximate a leave-one-out re-prediction without an additional forward pass. Although
mainly proposed as a train-time intervention, Wang et al. (2025) also introduces a post-hoc variant that interpolates between
the absorbing and uniform processes to enable revisions during generation in masked diffusion models. Saber (Dong et al.,
2025) proposes to perform confidence-based remasking by tracking drops in the confidences at the unmasked positions.
Most directly related to our analysis, Xiang et al. (2026) document the high flip-flop rates of confidence-based remasking,
which we leverage in Section 3.2 to help characterize WINO’s failure mode for shorter block lengths. While these works
each report empirical gains over static confidence-based unmasking (Equation 1), the question of how much these gains
depend on the evaluation setting–particularly the choice of unmasking strategy and decoding setting–has not been carefully
examined, which is a gap we aim to fill with our work.

B. Additional Figures
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(a) WINO attention mask and position IDs for LLaDA-8B
(Nie et al., 2025).
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(b) Adaption for Dream-7B model (Ye et al., 2025).

Figure 2. WINO attention masks and position IDs: LLaDA (left) vs. our adaptation for Dream (right). Note that adaptation is needed
since Dream was converted into a dLLM starting from an AR model. Bold indices in (b) highlight the modified position IDs of Yshad.
The shadow position IDs were shifted to obtain predictions for the current block, while the masking of main tokens is sub-diagonal and
diagonal to prevent information leak due to Dream’s shifted predictions.
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Figure 3. Figure 1 replicated using latency (wall-clock time) as an efficiency measure instead of network function evaluations (NFEs). We
see that once the additional overhead of using shadow tokens in WINO is taken into account, WINO’s performance gains diminish further.
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Figure 4. Flip-flop frequency along the WINO (λ2 = 0.8) Pareto frontier, defined as the fraction of remasking events in which the
position is later re-predicted to the same token (Xiang et al., 2026). Across all four benchmarks, ∼75–90% of remasked positions on
LLaDA-8B-Instruct and ∼85–95% on Dream-v0-Instruct-7B are restored to their original token. This indicates that the underlying
masked dLLM consistently fails to propose alternative tokens for the positions flagged for remasking based on WINO’s shadow token
confidences.
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Figure 5. Quality of WINO’s shadow-token confidence as an approximation (Equation 3) to the oracle leave-one-out confidence (LLaDA-
8B-Instruct, HumanEval, BL = 32, λ2 = 0.8). WINO uses the shadow prediction qks

θ (· | x̃t); Oracle uses the leave-one-out prediction
qkθ (· | xt,−k), incurring one extra forward pass per candidate position; Native reuses the original dLLM confidence qkθ (· | xt) at the
already-unmasked position. Shadow confidences match oracle performance while requiring ∼14× fewer NFEs, whereas the native
confidence yields no gain over unmasking alone. *Note that for oracle approach we plot here number of sampling steps; actual NFEs are
∼14× larger.

60 80 100
NFE

97

98

99

100

To
p1

C
on

si
st

en
cy

(%
)

WINO

Figure 6. Consistency rate ({argmaxv q
ks
θ (v | x̃t) = argmaxv q

k
θ (v | xt,−k)}) of the highest confidence tokens between the shadow

and oracle predicted tokens without remasking (λ2 = 0, LLaDA-8B-Instruct, HumanEval, BL = 32). Notably, the consistency rate is
very high (> 97%) across all five λ1 thresholds. Unmasking fewer tokens per step, i.e. increasing the threshold, further improves shadow
predictions, potentially due to fewer approximations of KV matrices of other tokens at each step.
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Figure 7. pass@k for WINO and Fast-dLLM under non-greedy decoding (LLaDA-8B-Instruct, BL = 32, λ1 = 0.6, λ2 = 0.8)
at temperatures τ ∈ {0.8, 1.5}. WINO improves pass@1 by ∼2.6% on average at τ = 0.8, but its advantage diminishes as k
grows—shrinking to ∼0.7% on average at pass@64. This indicates that confidence-based remasking further constrains generation
diversity on top of the diversity collapse already documented for confidence-based unmasking (Ni et al., 2026).
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Figure 8. Accuracy and NFEs for dUltra with and without WINO remasking on LLaDA-8B-Instruct (BL = 32, λ2 = 0.8, τ = 0); means
and error bars are over 3 seeds. Adding WINO remasking on top of dUltra’s Bernoulli unmasker yields an average accuracy gain of
∼3.2% across the four benchmarks at a cost of only ∼2 extra NFEs, suggesting that the value of post-hoc remasking depends on the
unmasker choice.
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C. Additional Experiments
C.1. WINO ablations

To ensure that our findings in Section 3.1 are robust across various design choices of WINO, we perform the following
ablations and report results in Figure 9:

• Consistency-based remasking criteria (EQUAL) Recall that WINO selects positions for remasking via confidence
thresholding based on shadow position confidences (Equation 4). To remove the effect of the exact choice of the
remasking threshold λ2, we instead consider here the consistency-based approach where the position is flagged for
remasking if the max token under the shadow predictive distribution is not the same as the current token:

Rt := {k ∈ B \Mt | argmax
v∈V

qks

θ (v | x̃t) ̸= xk
t } .

• Loop-Guard (MR1) To measure the impact of the exact loop-guard implementation, we consider here an alternative
implementation where each position is allowed to be remasked at most once.

• Shadow Attention Mask (DIAG) Instead of using a full attention mask for the shadow region as originally proposed
in WINO (Figure 2a), we use a diagonal mask which prevents shadow positions from attending to each other.

• Max-Accept (MA) The original WINO implementation imposes a cap on the number of positions that can be unmasked
at each step.5 Since this cap is neither described in the WINO paper nor part of the Fast-dLLM unmasking procedure
(Wu et al., 2025), we disable it for the experiments in the main paper and re-enable it here to study its impact.
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Figure 9. Ablations of four WINO design choices across GSM8k and HumanEval (LLaDA-8B-Instruct, BL = 32, τ = 0). The
performance across all variants is similar with no variant showing clear performance gains.

C.2. Flip-flop rates: impact of remasking expansions

To better understand the high flip-flop rates observed in Figure 4, we perform additional ablations that vary the set of
positions remasked at each sampling step. Beyond the position k flagged by confidence-thresholding (Equation 4), we
additionally remask either its spatial or temporal neighbors. Spatial neighbors are positions at most S tokens to the left or
right of k, while temporal neighbors are positions unmasked within T sampling steps starting from when k was unmasked
(so T = 1 refers to the same step, T = 2 to that step and the next, and so on). We denote the resulting variants WINO-SS
and WINO-TT . In addition, to ensure convergence, we switch to the aforementioned MR1 loop-guard, in which each
position can be flagged for remasking only once, but can still be remasked as a neighbor of other positions.

As shown in Figure 10, neither expansion method improves over default WINO: across the entire NFE range, both variants
consistently degrade accuracy, with the gap widening as the neighborhood grows (T, S = 2 vs. T, S = 1). In addition,
Figure 11 shows the flip-flop rate stays roughly the same for expanded remasking ablations. This rules out the cascading-
dependency explanation: even when the surrounding context that would supposedly pin the prediction at xk

t is partially

5https://github.com/Feng-Hong/WINO-DLLM/blob/main/LLaDA/decoding.py
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removed, the dLLM still re-proposes the same token. The bottleneck therefore appears to lie in the model’s predictive
distribution at position k itself, rather than in the conditioning structure of the unmasked context.
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Figure 10. Accuracy of expanded remasking ablations based on additional remasking either spatial or temporal neighbors (LLaDA-8B-
Instruct, BL = 32).
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Figure 11. Flip-flop frequencies of expanded remasking ablations based on additional remasking either spatial or temporal neighbors
(LLaDA-8B-Instruct, BL = 32).
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