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Abstract

Masked diffusion language models (MDLMs)
enable efficient parallel decoding but are lim-
ited by a monotonic unmasking policy, where
committed tokens cannot be revised. While
remasking-based methods mitigate early errors,
they mainly intervene during generation. In
this work, we study post-hoc refinement of
a completed draft and find that naive correc-
tion often fails because of contextual lock-in,
a phenomenon in which local error patterns
become self-reinforcing. To address this, we
propose PURE (Post-hoc Unlocking and RE-
finement), a training-free inference algorithm
for two-phase decoding. PURE profiles con-
fidence dynamics during drafting to identify
unstable regions via an instability score (∆i),
then unlocks them through deterministic win-
dow masking and stochastic leftward relaxation.
On reasoning benchmarks, PURE substantially
improves accuracy when applied to LLaDA-8B-
Instruct, including a gain of +12.9 points over
the baseline on GSM8K. These gains require
only a small refinement budget, yielding a fa-
vorable compute-quality trade-off for discrete
diffusion decoding.

1 Introduction

Diffusion models have been highly successful in
continuous domains such as image and video gener-
ation (Sohl-Dickstein et al., 2015; Song and Ermon,
2019; Ho et al., 2020; Rombach et al., 2022; Ho
et al., 2022). Motivated by their multi-step genera-
tion procedure, recent work has adapted diffusion
to language via masked diffusion language models
(MDLMs), with rapidly improving performance
(Austin et al., 2021; Hoogeboom et al., 2021; Sa-
hoo et al., 2024; Nie et al., 2025).

Starting from a fully masked sequence and iter-
atively denoising it over multiple steps enables (i)
bidirectional context usage (Ghazvininejad et al.,
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Figure 1: Effect of refinement budget on GSM8K
with LLaDA-8B-Instruct. Starting from the standard
k=1 draft (T=256), accuracy improves steadily as the
post-hoc refinement budget B increases. Notably, even
a small refinement budget (B=10) yields a substantial
gain over the draft baseline. The x-axis shows the total
number of denoising steps T+B; the baseline corre-
sponds to B=0.

2019) and (ii) parallel decoding across positions
(Yang et al., 2025).

However, despite the iterative nature of denois-
ing, standard masked discrete diffusion decoding
is often irreversible: it follows a monotonic un-
masking policy where once a token is committed,
it is not revised in later steps, even if it is found
to be contextually inconsistent as more of the se-
quence is revealed. (Shi et al., 2024; Wang et al.,
2025a) Consequently, early mistakes made under
limited context (i.e., premature commitment) can
become permanently embedded, and the risk grows
as parallelism increases (i.e., when more tokens are
committed per step) (Lavenant and Zanella, 2025),
contributing to a quality–speed trade-off and limit-
ing sample quality.

To alleviate this limitation, a growing line of
work has proposed remasking-based sampling
strategies that relax token commitment by allowing
the model to revisit uncertain positions and refine
them over multiple denoising steps (Wang et al.,
2025a; Mounier and Idehpour, 2025b; Dong et al.,
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Figure 2: Overview of post-hoc refinement (PURE).
After standard masked diffusion decoding (t = T → 0),
we select a seed token i and construct a refine mask Mi

by remasking the seed token itself, its local window Wi,
and a relaxation mask Ri over preceding context tokens.
We then run an additional B-step refinement decoding
(t=B→0) to obtain refined tokens (green).

2025; Hong et al., 2025).
Most existing approaches in this line primarily

intervene during generation, i.e., they modify the
sampling trajectory while the global context is still
being formed and may remain partially inconsis-
tent. Complementary to this, we ask a different
question: can we refine a completed draft after gen-
eration, without modifying the base model? That is,
we study post-hoc refinement for MDLM decod-
ing: first generate a candidate sequence as a draft,
then selectively remask targeted regions and refine
them to correct errors. Figure 1 shows that even a
small post-hoc refinement budget already yields a
substantial gain over the draft baseline.

However, post-hoc refinement is not solved by
simply remasking the erroneous token in isolation
and re-sampling it. Through empirical analysis, we
find that even with oracle-identified error locations,
pointwise correction often reproduces the same
mistake. We attribute this to a phenomenon we
call contextual lock-in: once an incorrect token
is generated, nearby tokens may co-adapt around
it and form a locally self-consistent neighborhood
that strongly biases regeneration toward the same
error.

Moreover, we observe that errors exhibit spa-
tial locality, tending to cluster within short spans
rather than appearing uniformly at random. This

suggests that effective post-hoc correction requires
more than choosing which token to revisit; it also
requires deciding how to disrupt the local neighbor-
hood that sustains the error.

To address these challenges, we propose PURE
(Post-hoc Unlocking and REfinement), a training-
free post-hoc sampling strategy designed to unlock
locked-in error states with minimal modification to
the standard decoding procedure. Figure 2 provides
an overview of PURE and its two-phase procedure:
draft decoding followed by targeted remasking and
refinement. PURE appends a short, budget-efficient
refinement chain to standard decoding:

xT
drafting−−−−−→ x0

unlock
====⇒ x̂B

refining−−−−−→ x̂0.

We decode x0, remask M, and run B refinement
steps to obtain x̂0.

PURE combines two mechanisms motivated by
our analysis. First, deterministic window mask-
ing jointly remasks an error token and its neigh-
bors, directly disrupting the local evidence that
justifies the error. Second, stochastic leftward re-
laxation randomly remasks a small subset of pre-
ceding context tokens, relaxing prefix-induced con-
straints and opening alternative regeneration path-
ways. Together, these mechanisms effectively “un-
lock” erroneous local configurations and allow the
model to regenerate a correct solution.

Contributions. Our contributions are summa-
rized as follows:

• We identify contextual lock-in and spatial lo-
cality as key mechanisms that hinder post-hoc
self-correction in masked discrete diffusion
decoding, supported by oracle-style validity
analyses.

• We introduce PURE, a novel training-free
post-hoc inference algorithm that combines
deterministic window masking and stochas-
tic leftward relaxation to efficiently correct
sampling errors.

• We demonstrate that PURE achieves consis-
tent accuracy gains over standard baselines on
reasoning benchmarks while remaining com-
putationally efficient in practice.

2 Motivation and Preliminary Analysis

Before presenting our methodology, we investigate
the fundamental dynamics of error correction in dis-
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crete diffusion. We start by examining the feasibil-
ity of the most basic approach – Pointwise Oracle
Correction – where we assume perfect knowledge
of error positions and remask only those specific
tokens.

2.1 The Phenomenon of Contextual Lock-in

We begin with a simple question: if we oracle-
identify the erroneous positions and remask only
those tokens, will the model correct them? Counter-
intuitively, even with oracle-level error identifica-
tion, the model often regenerates the same incor-
rect tokens. This indicates that the failure is not
merely due to misidentifying error locations, but
can persist even when the model is explicitly given
a chance to revise them. We hypothesize that such
errors become contextually self-reinforced: once
an incorrect token is generated, neighboring tokens
produced around it may form a locally coherent
pattern that biases the model toward reselecting the
same token upon re-decoding. We refer to this phe-
nomenon as contextual lock-in, where a locally
coherent but globally incorrect configuration be-
comes difficult to escape via pointwise resampling.
In Section 2.3, we quantify how breaking this lock-
in benefits from perturbing the local neighborhood
and selectively relaxing constraints from the pre-
ceding context.

2.2 Oracle study setup

We conduct the oracle study on GSM1K, focusing
on the 160 samples that are incorrect under the
base LLaDA-8B-Instruct (Nie et al., 2025) with
256 generation tokens and 256 sampling steps. For
each such sample, we define the oracle error-token
set as a manually identified answer-flipping set:
a small subset of generated token positions such
that remasking and re-sampling only those posi-
tions can change the final answer from incorrect to
correct. We fix the refinement budget to 10 steps
with a uniform unmasking schedule. We found that
increasing the number of steps (e.g., to 20 or 40
steps) yields only marginal differences and does
not change the qualitative trends.

2.3 Empirical Justification: An Oracle Study

To quantify how to break this lock-in, we conduct a
controlled experiment under an oracle setting. We
measured the correction accuracy while varying
two disruption strategies: the window radius (w)
and the relaxation rate (ρ). Here, windowing re-
masks the error token together with its w left and

Figure 3: Oracle correction rate under varying win-
dow radius (w) and relaxation rate (ρ). The origin
(w = 0, ρ = 0) corresponds to Pointwise Oracle Cor-
rection and yields the lowest correction rate, consistent
with contextual lock-in. Increasing w and ρ both im-
prove correction rate, and their combination achieves
the highest performance, indicating complementary ef-
fects.

w right neighbors, and ρ denotes the fraction of
tokens randomly remasked in a fixed preceding-
context region.

Figure 3 visualizes the results, providing empiri-
cal evidence for our design choices:

1. Failure of Pointwise Oracle Correction
(w = 0, ρ = 0): The baseline strategy of
masking only the error tokens yields the low-
est performance. This provides evidence that
without modifying the surrounding context,
pointwise resampling often fails to escape the
lock-in configuration.

2. Role of Windowing (w > 0): Increasing the
window size w consistently improves correc-
tion accuracy. This suggests that the imme-
diate local context plays a major role in sus-
taining the lock-in. By remasking neighbors
along with the error token, we force the model
to reconstruct local coherence, thereby relax-
ing rigid contextual constraints that may have
favored the original error.

3. Role of Stochastic Leftward Relaxation
(ρ > 0): Independently, increasing the re-
laxation rate ρ also boosts correction accu-
racy. This suggests that the lock-in is addition-
ally reinforced by constraints inherited from
the preceding context. Randomly remasking
a fraction of tokens in the preceding context
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relaxes these constraints, enabling alternative
regeneration trajectories.

4. Synergistic Effect: The highest correction
rate is achieved when both strategies are com-
bined, indicating complementary effects. To-
gether, windowing perturbs the immediate lo-
cal neighborhood, while stochastic leftward
relaxation relaxes constraints from the preced-
ing context, improving the model’s ability to
revise locked-in errors.

Building upon these observations, we formally
introduce PURE in Section 3.

2.4 An Information-Theoretic Perspective on
Contextual Lock-in

The key intuition behind PURE is simple: to escape
contextual lock-in, the model must become less
certain about the token at the error position, so
that re-sampling can explore alternative corrections
rather than returning to the same locally supported
token.

For an error position i, let Wi(w) = {j | 0 <
|j − i| ≤ w} be the radius-w local window around
i, and let Ci = V \ ({i} ∪Wi(w)) denote the re-
maining context. We define the uncertainty increase
induced by removing the local window as

∆Hi(w) := H(Xi | XCi)−H(Xi | XCi , XWi)

= I(Xi;XWi | XCi),
(1)

where I(Xi;XWi | XCi) is the conditional mutual
information, i.e., the additional information that
the local window Wi provides about Xi beyond the
remaining context Ci.

Eq. (1) admits a direct interpretation: if ∆Hi(w)
is large, then the token at position i is strongly
supported by its local neighborhood. Equivalently,
removing the local window causes a large increase
in uncertainty at the error position. In this sense,
a large entropy gain is exactly the information-
theoretic signature of strong local coupling.

This provides a formal view of contextual lock-
in. When the current token at the error position is
strongly anchored by its local neighborhood, mask-
ing only that token leaves most of the supporting
local evidence intact, making re-sampling likely
to return to the same locally self-consistent error.
By contrast, window masking removes this sup-
port and creates room for alternative corrections.
Stochastic leftward relaxation plays a complemen-

tary role by further weakening prefix-side evidence
that may also support the same wrong local mode.

This view also yields a concrete prediction: struc-
tured window and leftward masking should in-
crease entropy at error positions more than equal-
budget random masking. We verify this pattern on
incorrect GSM1K samples: the entropy increase
grows with the window size w and the leftward
masking rate ρ, whereas count-matched random
controls remain close to zero. Detailed probe defi-
nitions and full results are provided in Appendix B.

3 Methodology

We propose Post-hoc Unlocking and REfinement
for discrete diffusion decoding (PURE), a two-
phase decoding procedure that improves discrete
diffusion language models via targeted post-hoc
re-decoding. The key idea is to treat the initial de-
coding result as a draft, then selectively remask
a small set of suspicious tokens (and their local
context) and refine them with a short additional
denoising chain, rather than re-running the full tra-
jectory. PURE consists of two sequential phases:

• Phase 1: Drafting + Instability Profiling.
We run a standard discrete diffusion decod-
ing process to generate an initial draft output.
During this trajectory, we monitor token-level
instability by tracking how each committed
token’s predictive confidence changes as the
surrounding context evolves. Tokens that ex-
hibit large confidence drops are flagged as
refinement seeds, indicating regions that are
likely to benefit from post-hoc revision.

• Phase 2: Unlocking + Targeted Refinement.
Starting from the completed draft, we build a
sparse refinement set M by expanding each
seed to a local window and a small stochastic
subset of preceding tokens. We remask only
positions in M and run a short B-step tar-
geted refinement. Over this roughly uniform
schedule, each step unmasks about |M|/B
positions in M, while all positions outside
M remain fixed to the draft.

3.1 Phase 1: Drafting + Instability Profiling
We first run the standard discrete diffusion decoder
for T steps to obtain a draft x0. At each step, the
decoder outputs token-level predictive distributions
for every sequence position conditioned on the cur-
rent partially masked state xt. Therefore, once a po-
sition i is first unmasked at step τi, we can continue
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tracking the probability assigned to that committed
token under later states as more context becomes
available.

For each position i, let τi denote the step at
which position i is first unmasked. We then mea-
sure how much the predictive probability of the
committed token xτii decreases under later states
xt, i.e., using cti = pθ(x

τi
i | xt) for 0 ≤ t ≤ τi.

We define the instability score as the maximum
post-commit probability drop:

∆i = max
0≤t≤τi

(
cτii − cti

)
. (2)

A large ∆i indicates that a token that initially
looked confident becomes much less probable after
more context is revealed.

We then select the top-q fraction of positions
with the largest instability scores as refinement
seeds:

S = Top-q({∆i}Ni=1). (3)

3.2 Phase 2: Unlocking + Targeted
Refinement

Phase 2 performs a short targeted refinement over a
sparse refinement set M. For each seed i ∈ S, we
construct an unlock region by remasking the seed
token itself, its radius-w local window Wi(w) =
{j | 0 < |j − i| ≤ w}, and a stochastic subset
of preceding tokens Ri = Ber({j | i − L ≤ j <
i− w}, ρ). The refinement set is the union over all
seeds:

M =
⋃

i∈S

(
{i} ∪Wi ∪Ri

)
. (4)

We initialize refinement by remasking only posi-
tions in M:

x̂B = Mask(x0,M). (5)

All positions outside M remain fixed to the draft
throughout refinement.

We then run an additional B-step denoising
chain over this partially masked state. The refine-
ment schedule is defined over the still-masked po-
sitions in M rather than over the full sequence. At
each step, we unmask roughly |M|/B currently
masked positions in M, prioritizing those with the
highest model confidence under the current state,
while leaving the remaining positions masked until
later steps. Thus, Phase 2 is a targeted refinement
over M rather than a second full decoding pass. For
example, when |M| = 100 and B = 10, PURE
finalizes about 10 positions in M per step, with
everything outside M unchanged.

Algorithm 1 PURE: Post-hoc Unlocking and RE-
finement
Require: Denoiser pθ(· | ·), draft budget T , refinement bud-

get B, seed ratio q, window radius w, relaxation length
L, relaxation rate ρ

Ensure: Refined output x̂0

Phase 1: Drafting + Instability Profiling
1: Run standard decoding to obtain trajectory {xt}0t=T and

draft x0

2: Compute instability scores {∆i} from {xt} and select
seeds S ← Top-q({∆i})
Phase 2: Unlocking

3: M← ∅
4: for i ∈ S do
5: Wi ← {j | 0 < |j − i| ≤ w}
6: Ri ← Ber({j | i− L ≤ j < i− w}, ρ)
7: M←M∪ ({i} ∪Wi ∪Ri)
8: end for

Phase 2: Targeted Refinement
9: x̂B ← Mask(x0,M)

10: m← ⌈|M|/B⌉
11: for t = B,B − 1, . . . , 1 do
12: Unmask up to m highest-confidence masked positions

inM
13: end for
14: return x̂0

4 Experiments

4.1 Experimental Setup

Hardware and models. All experiments are con-
ducted on NVIDIA H200 GPUs. We use LLaDA-
8B-Instruct (Nie et al., 2025) as the primary back-
bone and additionally report results on LLaDA-1.5
(8B) (Zhu et al., 2025).

Common inference regime and baselines. Un-
less otherwise noted, all methods are evaluated
under a shared single-block masked diffusion
regime: the maximum generation length and block
length are both set to 256. We focus on this set-
ting to isolate PURE’s post-hoc refinement ef-
fect from confounding factors introduced by block
scheduling, KV caching, and inter-block condi-
tioning. For Phase-1 draft generation, we con-
sider LLaDA decoding with unmasking granu-
larity k ∈ {1, 2, 4}, corresponding to 256, 128,
and 64 denoising steps, respectively. We compare
against WINO (Hong et al., 2025), RCR (He et al.,
2025), ReMDM (Wang et al., 2025a), and Fast-
dLLM (Wu et al., 2025b) under this shared regime.
Exact baseline-specific settings are provided in Ap-
pendix F.

Post-hoc refinement (PURE). PURE introduces
four hyperparameters: seed ratio q, window radius
w, relaxation length L, and relaxation rate ρ.

Since GSM8K (Cobbe et al., 2021) does not
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provide an official development split, we use
GSM1K (Zhang et al., 2024) as a development
set for hyperparameter selection and reuse the se-
lected configuration for all benchmarks. Unless
otherwise noted, we use the default setting q=0.2,
w=3, L=15, and ρ=0.1. We report results under
three refinement budgets, using B ∈ {10, 20, 40}
post-hoc steps, where each step denotes one addi-
tional refinement iteration applied after the Phase-1
draft generation.

Benchmarks. We evaluate on seven benchmarks
spanning mathematical reasoning, scientific ques-
tion answering, commonsense reasoning, and in-
struction following: GSM8K (Cobbe et al., 2021),
MATH (Hendrycks et al., 2021), ASDiv (Miao
et al., 2020), SVAMP (Patel et al., 2021), GPQA-
Diamond (Rein et al., 2024), CSQA (Talmor et al.,
2019), and IFEval (Zhou et al., 2023).

Compute budget. Our total step budget is the
sum of Phase-1 decoding steps and Phase-2 refine-
ment budgets B(steps). With the one-token-per-
step Phase-1 schedule (256 steps for a 256-token
draft), adding refinement steps corresponds to a to-
tal budget of 256+B steps. Unless otherwise stated,
we report single-run accuracy; multi-seed averages
are indicated in the relevant table captions.

4.2 Main Results

We first evaluate whether additional post-hoc re-
finement steps improve accuracy under fixed re-
finement budgets. Table 1 reports results across
seven benchmarks as we vary the refinement budget
B ∈ {10, 20, 40} on top of the matched Phase-1
LLaDA draft baseline.

Overall, PURE substantially improves over the
matched Phase-1 drafts, with the clearest and most
consistent gains on mathematical reasoning bench-
marks. On GSM8K, for example, PURE improves
the k=1 draft from 61.41 to 71.70 with B=10 and
further to 74.27 with B=40. We observe similar up-
ward trends on MATH (25.68→31.33) and ASDiv
(76.41→82.72). On SVAMP, the smallest budget
(B=10) slightly underperforms the k=1 draft base-
line (73.33→72.33), but larger budgets recover and
reach 78.33 at B=40, matching the best overall
result in the table.

On the remaining three benchmarks, results are
mixed but still competitive. PURE achieves the best
score on IFEval (46.39) and the second-best scores
on GPQA-Diamond (26.77) and CSQA (80.26).

Figure 4: Error-token clustering on GSM1K incorrect
samples. We compute clusters of consecutive error to-
kens and report the CDF (blue, left axis) and the per-size
mass (orange bars, right axis). Errors frequently occur
in short contiguous runs rather than isolated single to-
kens, motivating local window masking around detected
errors.

Taken together, these results suggest that PURE of-
fers a useful trade-off between additional inference
compute and accuracy: a modest post-hoc refine-
ment budget can often convert additional inference
compute into higher accuracy. We observe a similar
qualitative trend on LLaDA-1.5 (Zhu et al., 2025).
Full results are reported in Appendix Table 2.

4.3 Spatial Locality: Consecutive Error-Token
Clusters

To understand why pointwise fixes can be insuf-
ficient, we analyze the spatial structure of errors
in incorrect drafts on GSM1K. We group consec-
utive error tokens into clusters and measure the
cluster-size distribution. Figure 4 shows that errors
frequently occur in short contiguous spans rather
than as isolated single tokens, supporting the use
of deterministic window masking around detected
errors.

4.4 Random Remasking is Not Enough

To rule out the hypothesis that PURE’s gains arise
from simply perturbing many tokens, we compare
against a naive baseline that randomly remasks a
fixed fraction r of tokens from the entire gener-
ated sequence before refinement. Figure 5 shows
that sweeping large remasking ratios yields limited
improvements, while PURE consistently achieves
substantially higher accuracy for the same refine-
ment budget. This indicates that effective post-hoc
correction requires structured and targeted pertur-
bations rather than uniformly random masking.
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GSM8K MATH ASDiv SVAMP GPQA-Diamond CSQA IFEval
Acc. Steps Acc. Steps Acc. Steps Acc. Steps Acc. Steps Acc. Steps Acc. Steps

Draft generation (no refinement)
LLaDA (k=1) 61.41 256 25.68 256 76.41 256 73.33 256 23.74 256 80.51 256 44.92 256
LLaDA (k=2) 56.41 128 25.08 128 69.72 128 73.00 128 23.74 128 72.48 128 44.54 128
LLaDA (k=4) 53.75 64 23.20 64 66.38 64 71.00 64 24.75 64 67.81 64 41.03 64
WINO 67.02 47 28.00 72 71.24 43 74.67 23 24.24 16 73.22 20 †46.21 88
RCR 62.32 64 25.32 64 68.72 64 †77.67 64 23.23 64 56.51 64 18.85 64
ReMDM 57.16 384 25.04 384 72.89 384 78.33 384 24.75 384 72.67 384 43.07 384
Fast-dLLM 56.94 98 25.42 113 70.02 96 75.00 52 27.78 144 76.17 39 37.15 95

PURE on LLaDA (k=1)
B=10 71.70 (+10.29p) 266 28.84 (+3.16p) 266 77.08 (+0.67p) 266 72.33 (-1.00p) 266 22.73 (-1.01p) 266 79.93 (-0.58p) 266 45.66 (+0.74p) 266
B=20 †72.76 (+11.35p) 276 29.81 (+4.13p) 276 †79.40 (+2.99p) 276 75.33 (+2.00p) 276 24.24 (+0.50p) 276 80.02 (-0.49p) 276 45.47 (+0.55p) 276
B=40 74.27 (+12.86p) 296 31.33 (+5.65p) 296 82.72 (+6.31p) 296 78.33 (+5.00p) 296 †26.77 (+3.03p) 296 †80.26 (-0.25p) 296 46.03 (+1.11p) 296

PURE on LLaDA (k=2)
B=10 69.22 (+12.81p) 138 27.62 (+2.54p) 138 68.76 (-0.96p) 138 76.00 (+3.00p) 138 23.23 (-0.51p) 138 74.61 (+2.13p) 138 45.10 (+0.56p) 138
B=20 71.34 (+14.93p) 148 29.36 (+4.28p) 148 72.06 (+2.34p) 148 76.33 (+3.33p) 148 21.72 (-2.02p) 148 74.69 (+2.21p) 148 46.39 (+1.85p) 148
B=40 72.55 (+16.14p) 168 †30.36 (+5.28p) 168 75.27 (+5.55p) 168 76.67 (+3.67p) 168 23.23 (-0.51p) 168 75.18 (+2.70p) 168 46.02 (+1.48p) 168

PURE on LLaDA (k=4)
B=10 65.88 (+12.13p) 74 25.98 (+2.78p) 74 68.76 (+2.38p) 74 76.00 (+5.00p) 74 24.24 (-0.51p) 74 67.40 (-0.41p) 74 42.14 (+1.11p) 74
B=20 68.84 (+15.09p) 84 27.18 (+3.98p) 84 72.06 (+5.68p) 84 76.33 (+5.33p) 84 23.74 (-1.01p) 84 69.12 (+1.31p) 84 42.69 (+1.66p) 84
B=40 70.74 (+16.99p) 104 27.66 (+4.46p) 104 75.27 (+8.89p) 104 76.67 (+5.67p) 104 24.75 (+0.00p) 104 72.07 (+4.26p) 104 43.80 (+2.77p) 104

Table 1: Main results on seven benchmarks with the LLaDA-8B-Instruct backbone. Acc. denotes accuracy and Steps
denotes the total number of denoising steps (NFE). For Phase-1 drafts, k ∈ {1, 2, 4} corresponds to 256/128/64
denoising steps, respectively. PURE adds B post-hoc refinement steps on top of the matched Phase-1 draft baseline,
so the total step budget is Phase-1 steps +B. “(+p)” denotes the absolute gain over the corresponding LLaDA draft
at the same k. Bold and † indicate the best and second-best accuracy for each benchmark, respectively.

Figure 5: PURE vs. naive random remasking. We plot
accuracy under increasing refinement steps for PURE
and a baseline that performs refinement after randomly
masking a fixed rate r of tokens from the entire gen-
erated sequence. PURE achieves substantially higher
accuracy for the same refinement budget, suggesting
that effective post-hoc correction requires more than
uniformly random perturbations.

4.5 Compute–Quality Trade-off via Faster
Drafts

Finally, we study how PURE behaves when the
Phase-1 draft is generated with fewer steps by in-
creasing the unmasking granularity. Figure 6 re-
ports accuracy as a function of the total decoding
steps when we vary k (unmasking k tokens per
step), which reduces the Phase-1 baseline steps to
256/k. As expected, generating drafts with fewer
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Figure 6: Accuracy vs. total decoding steps under differ-
ent Phase-1 step granularities. We vary k (baseline steps
= 256/k; shown in the legend) and apply PURE as post-
hoc refinement. Open circles denote the corresponding
baseline accuracy before refinement, and solid curves
show accuracy after adding refinement steps. PURE re-
covers substantial accuracy even when the initial draft
is generated with fewer steps, illustrating a favorable
compute–quality trade-off.

steps lowers the baseline accuracy (open circles).
However, PURE recovers a substantial portion of
this lost accuracy as refinement steps are added,
and achieves competitive performance even when
the initial draft is produced under a smaller Phase-1
budget. These results suggest a practical operating
point for inference: generate a fast initial draft and
allocate the remaining compute budget to targeted
post-hoc refinement.
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5 Related Work

Masked discrete diffusion language models.
Recent diffusion language models for text largely
adopt masked discrete diffusion, where genera-
tion starts from a fully-masked sequence and itera-
tively predicts masked tokens. (Austin et al., 2021)
MDLM establishes a strong masked diffusion base-
line, and complementary objectives within discrete
denoising have also been explored (Lou et al., 2024;
Sahoo et al., 2024). Importantly, masked diffusion
LMs have been scaled via large-scale pretraining
and instruction tuning, and open diffusion LLMs
continue to push quality and usability (Nie et al.,
2025; Ye et al., 2025; Song et al., 2025; Bie et al.,
2025; Zhu et al., 2025; Cheng et al., 2025).

Decoding policies and remasking-based re-
finement. In masked diffusion, inference-time
policies—which tokens to unmask and when—
critically determine the quality. (Kim et al., 2025).
More broadly, diffusion models exhibit substantial
variation in inference-time samplers and schedul-
ing strategies, motivating a large design space for
inference-time control (Li et al., 2025a; Wu et al.,
2025a,b; Liu et al., 2025; Wang et al., 2025b;
Huang et al., 2025a; Lee et al., 2025; Li et al.,
2025b)

A line of work improves generation by allowing
revision through remasking and refinement during
sampling; for example, ReMDM introduces a re-
masking sampler that enables inference-time com-
pute scaling (Wang et al., 2025a; Hong et al., 2025;
Dong et al., 2025; Horvitz et al., 2025; Huang et al.,
2025b; He et al., 2025; Mounier and Idehpour,
2025a; Labs et al., 2025). More broadly, refinement
can also be organized as a two-stage fill-and-refine
procedure (Tian et al., 2025).

6 Conclusion

We investigated why naive post-hoc correction of-
ten fails in masked discrete diffusion decoding,
and identified two key factors: contextual lock-in,
where local neighborhoods reconstruct the same er-
ror, and spatial locality, where errors cluster within
short spans. Based on these findings, we proposed
PURE, a training-free post-hoc refinement method
that profiles token-level instability during drafting
and performs targeted refinement through deter-
ministic window masking and stochastic leftward
relaxation. Across benchmarks, PURE improves
over matched draft baselines with moderate refine-

ment budgets, with the clearest gains on mathe-
matical reasoning tasks, while adding only B post-
hoc steps beyond the draft. These results suggest
that lightweight, targeted post-hoc refinement can
be an effective way to convert additional test-time
compute into higher accuracy in masked discrete
diffusion decoding.
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7 Limitations

Our work has several limitations.

Limited evaluation scope. We evaluate PURE
primarily on reasoning-focused benchmarks un-
der a fixed output length. Appendix G adds a con-
trolled creative-writing probe, but evidence for
open-ended generation remains limited.

Dependence on decoding regime and confidence
signals. PURE relies on instability signals such
as drop_conf to select refinement seeds, and the re-
liability of these signals may depend on the model
and inference setup. Our current formulation is de-
veloped for vanilla single-block masked diffusion
decoding, where confidence can be tracked over
the full sequence and targeted refinement is ap-
plied to a sparse subset of positions within the full
draft. These conditions do not directly carry over to
blockwise or KV-cached diffusion decoders, where
signal availability and conditioning structure differ
from the setting studied here. In preliminary experi-
ments, a naive plug-in in a blockwise setting did not
preserve gains, suggesting that extending PURE be-
yond the present setup may require a block- and
cache-aware variant.

Failure modes requiring non-local corrections.
PURE is designed for targeted refinement through
limited remasking and a short refinement chain. It
may therefore be less effective when correcting an
error requires coordinated changes across distant
positions rather than within a local neighborhood.
Increasing the masking scope can partially address
such cases, but overly aggressive remasking may
also destabilize otherwise-correct context.

Additional inference-time cost. PURE im-
proves quality by adding a second refinement phase
on top of draft generation, and therefore still incurs
extra inference-time cost even when the refinement
budget is much smaller than the drafting budget.
A practical question is not only whether refine-
ment helps, but how to allocate refinement bud-
get as a function of task difficulty, output length,
and draft quality. More adaptive budget allocation
strategies and length-aware refinement schedules
would make the method more efficient in practice.
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A Results on LLaDA-1.5

Table 2 reports results on LLaDA-1.5 under the
same evaluation protocol as Table 1. Overall,
PURE shows the same qualitative behavior as in the
main results, with accuracy generally improving as
the refinement budget increases. The gains are espe-
cially strong on math-oriented benchmarks such as
GSM8K, MATH, and ASDiv, while the improve-
ments are more mixed on some general-domain
benchmarks such as CSQA and IFEval. These re-
sults suggest that PURE’s post-hoc refinement ben-
efits are not specific to LLaDA-8B-Instruct.

B Controlled Entropy Probes for
Structured Masking

To support the interpretation in Sec. 2.4, we con-
duct controlled entropy probes on GSM1K incor-
rect samples. Our goal is to test whether structured
window and leftward masking increase uncertainty
at the error position more than random masking
under the same masking budget.

Probe setup. For each incorrect draft, we keep
all non-masked tokens fixed to their original val-
ues in the draft and measure the model predictive
entropy at the error position under different mask-
ing patterns. Averaging these measurements over
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GSM8K MATH ASDiv SVAMP GPQA-Diamond CSQA IFEval
Acc. Steps Acc. Steps Acc. Steps Acc. Steps Acc. Steps Acc. Steps Acc. Steps

Draft generation (no refinement)
LLaDA-1.5 (k=1) 58.45 256 25.84 256 77.40 256 79.67 256 23.74 256 81.41 256 51.20 256
LLaDA-1.5 (k=2) 55.88 128 24.86 128 75.14 128 80.67 128 25.25 128 78.46 128 51.20 128
LLaDA-1.5 (k=4) 52.31 64 23.22 64 71.89 64 79.67 64 24.24 64 69.37 64 46.40 64
WINO 68.16 47 28.34 69 79.00 42 79.00 25 25.76 117 76.09 35 53.42 106
RCR 61.49 64 25.54 64 76.10 64 83.33 64 24.24 64 41.52 64 22.37 64
ReMDM 56.71 384 25.56 384 76.70 384 81.67 384 25.25 384 78.54 384 50.28 384
Fast-dLLM 56.86 71 24.46 81 77.18 65 78.33 36 28.79 120 77.72 53 45.66 110

PURE on LLaDA-1.5 (k=1)
B=10 73.54 (+15.09p) 266 29.26 (+3.42p) 266 78.96 (+1.56p) 266 82.33 (+2.66p) 266 26.77 (+3.03p) 266 80.92 (-0.49p) 266 48.80 (-2.40p) 266
B=20 †75.51 (+17.06p) 276 †30.98 (+5.14p) 276 †80.95 (+3.55p) 276 82.33 (+2.66p) 276 28.79 (+5.05p) 276 †81.08 (-0.33p) 276 51.02 (-0.18p) 276
B=40 76.12 (+17.67p) 296 31.84 (+6.00p) 296 81.13 (+3.73p) 296 †83.00 (+3.33p) 296 †28.28 (+4.54p) 296 †81.08 (-0.33p) 296 †51.39 (+0.19p) 296

PURE on LLaDA-1.5 (k=2)
B=10 71.04 (+15.16p) 138 28.26 (+3.40p) 138 76.62 (+1.48p) 138 82.67 (+2.00p) 138 25.25 (+0.00p) 138 78.13 (-0.33p) 138 45.66 (-5.54p) 138
B=20 73.24 (+17.36p) 148 29.68 (+4.82p) 148 78.74 (+3.60p) 148 83.33 (+2.66p) 148 25.25 (+0.00p) 148 78.38 (-0.08p) 148 48.24 (-2.96p) 148
B=40 73.54 (+17.66p) 168 30.20 (+5.34p) 168 78.83 (+3.69p) 168 †83.00 (+2.33p) 168 25.76 (+0.51p) 168 78.46 (+0.00p) 168 50.46 (-0.74p) 168

PURE on LLaDA-1.5 (k=4)
B=10 70.58 (+18.27p) 74 27.10 (+3.88p) 74 75.10 (+3.21p) 74 81.33 (+1.66p) 74 22.22 (-2.02p) 74 73.30 (+3.93p) 74 45.29 (-1.11p) 74
B=20 71.11 (+18.80p) 84 28.98 (+5.76p) 84 77.74 (+5.85p) 84 82.00 (+2.33p) 84 22.73 (-1.51p) 84 73.63 (+4.26p) 84 45.84 (-0.56p) 84
B=40 72.25 (+19.94p) 104 29.42 (+6.20p) 104 77.70 (+5.81p) 104 82.67 (+3.00p) 104 24.75 (+0.51p) 104 74.04 (+4.67p) 104 47.69 (+1.29p) 104

Table 2: Results on LLaDA-1.5 under the same evaluation protocol as Table 1. Bold and † indicate the best and
second-best accuracy for each benchmark, respectively.

incorrect drafts provides an empirical estimate of
the average uncertainty increase induced by struc-
tured masking. In all probes, we use the manually
identified error position i and perform a one-step
forward measurement at that position.

Masking conditions. We compare the following
settings:

• E1: mask only the error token i.

• E2 (window): mask the error token and its
local window, i.e., {i} ∪Wi(w).

• E2c (control): mask the error token and the
same number of additional tokens as in E2,
but at random non-local positions.

• E3 (leftward): start from E2 and additionally
mask a subset of preceding-context tokens us-
ing the same leftward masking rule as PURE
with rate ρ.

• E3c (control): start from E2 and add the same
number of extra masks as in E3, but at random
positions.

Under this setup, E2-E1 measures the uncer-
tainty increase induced by local window masking,
while E3-E2 measures the additional uncertainty
increase induced by leftward masking.

Window masking results. Table 3 reports the
effect of varying the window radius w. As w in-
creases, E2-E1 grows monotonically, meaning that
masking a larger local window produces a larger un-
certainty increase at the error position. By contrast,

window radius w E2-E1 E2c-E1 E2-E2c
1 +0.01950 +0.00098 +0.01852
2 +0.03937 +0.00129 +0.03808
3 +0.06601 +0.00115 +0.06486
4 +0.09943 +0.00115 +0.09828

Table 3: Window sweep with count-matched control.
E2-E1 is the uncertainty increase caused by masking
the local window, E2c-E1 is the equal-budget random
control, and E2-E2c is the gap between structured and
random masking.

the count-matched random control E2c-E1 remains
close to zero across all settings. This shows that the
effect does not come from simply masking more
tokens, but from removing the local context that
supports the incorrect token.

Leftward masking results. Table 4 reports the
effect of varying the leftward masking rate ρ with
w = 3 fixed. As ρ increases, E3-E2 also grows
monotonically, indicating that masking prefix-side
context further increases uncertainty at the error
position. Again, the count-matched random control
E3c-E2 remains near zero or slightly negative. This
suggests that leftward masking helps not because it
adds more noise, but because it specifically weak-
ens prefix-side evidence that co-adapts with the
same wrong local mode.

Takeaway. Together, these probes support the
interpretation in Sec. 2.4: window masking and
leftward masking increase uncertainty at the error
position in a structured way, thereby weakening
contextual lock-in and creating more room for al-
ternative corrections during re-sampling.
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leftward rate ρ E3-E2 E3c-E2 E3-E3c
0.0 +0.00000 +0.00000 +0.00000
0.1 +0.00643 -0.00019 +0.00662
0.2 +0.01011 -0.00063 +0.01074
0.3 +0.01122 -0.00101 +0.01223

Table 4: Leftward sweep with count-matched control
(w = 3 fixed). E3-E2 is the additional uncertainty in-
crease caused by leftward masking, E3c-E2 is the equal-
budget random control, and E3-E3c is the gap between
structured and random masking.

Signal Avg Acc (%)
Baseline 61.41
final_conf 66.19
random 67.20
init_conf 69.24
drop_margin 70.99
drop_conf 71.70

Table 5: Signal ablation results on GSM8K (average
over 3 seeds).

C Ablation: Token-Selection Signals

Next, we ablate the token-selection signal used
by PURE. Table 5 compares token-selection sig-
nals on GSM8K under the same refinement budget
(B=10). Among the tested options, the confidence-
drop signal used by PURE (drop_conf, corre-
sponding to the instability score ∆i in Sec. 3.1)
performs best, reaching 71.70% accuracy (+10.29
over the Phase-1 baseline of 61.41%). It also con-
sistently surpasses signals based on absolute con-
fidence (e.g., final_conf) and random selection.
These results suggest that relative confidence degra-
dation across refinement is a stronger indicator of
correctable regions than absolute uncertainty at a
single snapshot.

D Hyperparameter Robustness

Robustness to hyperparameters. Figure 7 vi-
sualizes the accuracy landscape of our refinement
procedure across three key hyperparameters: the
window radius w, the relaxation rate ρ, and the
seed ratio q. We report accuracy over (w, ρ) for
three fixed values of q. Overall, the method ex-
hibits stable performance across a broad region of
the hyperparameter space, indicating that our gains
do not rely on a narrowly tuned configuration.

Moderate context relaxation yields the best
trade-off. Beyond robustness, the heatmaps re-
veal a consistent peak in a moderate regime (e.g.,

Variant (L,w) Acc. (%)

Left (15, 3) 71.70
Right (15, 3) 71.32
Neighbor (9, 3) 70.89

Table 6: Budget-matched relaxation variants (average
over 3 seeds).

w=3, q≈0.2, ρ≈0.1), suggesting an optimal bal-
ance between escaping contextual lock-in and pre-
serving global coherence. When the perturbation is
too weak (small w and ρ), the model often reselects
the same locally self-reinforced tokens, leading to
limited correction. Conversely, overly aggressive
configurations (large w and/or ρ combined with
large q) can over-destabilize the context, degrad-
ing accuracy. This interaction highlights that w, ρ,
and q jointly control the effective “context relax-
ation” strength, and that improvements arise from
controlled relaxation rather than indiscriminate re-
generation. Unless otherwise stated, we therefore
use (w, ρ, q) = (3, 0.1, 0.2) as the default setting
in subsequent experiments.

E Budget-matched relaxation variants

Setup. We compare three relaxation variants un-
der a budget-matched remasking protocol: LEFT

(stochastic leftward relaxation), RIGHT (stochastic
rightward relaxation), and NEIGHBOR (symmetric
local masking). All runs use the same default hy-
perparameters for our method; only the relaxation
variant is varied. For LEFT and RIGHT, we set the
relaxation length to L=15. For NEIGHBOR, we use
a symmetric window radius w=3 and set L=9 to
match the effective number of eligible remasking
candidates (details below).

Budget matching. With w=3, tokens in the im-
mediate w-neighborhood are already included in
the fixed local remasking pool. Thus, for the direc-
tional variants (LEFT and RIGHT) with L=15, the
number of additional eligible candidates beyond
the fixed local window is Leff = L− w = 12. To
ensure a fair comparison, we set the NEIGHBOR

parameter to L=9, so that its effective candidate
count matches the same 12-candidate budget under
our implementation. Equivalently, for NEIGHBOR

we have LNEIGHBOR
eff = L + w = 12 when w=3,

hence L=9.
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Figure 7: Robust hyperparameter landscape and the role of moderate context relaxation. Heatmaps report
accuracy over the window radius w and stochastic leftward relaxation rate ρ for three fixed seed ratios q. Across
slices, performance remains stable over a broad region and consistently peaks at moderate settings (e.g., w=3,
q≈0.2, ρ≈0.1), indicating that partial context relaxation effectively mitigates contextual lock-in. In contrast, overly
aggressive configurations (large w and/or large ρ with large q) can over-destabilize the context and degrade accuracy,
revealing a clear trade-off between escape from lock-in and global coherence preservation.

F Baseline-specific inference settings

All baselines are evaluated under the shared single-
block regime described in Sec. 4.1. Below we re-
port only the settings specific to each baseline be-
yond this common setup.

WINO. We use WINO with drafting threshold
τ1 = 0.6 and backward verification threshold τ2 =
0.9.

RCR. We use the MDPO implementation of
diffusion decoding with RCR enabled. We set
steps = 64 and use a linear schedule.

ReMDM. We use the paper’s max-capped
ReMDM-loop configuration for inference-time
scaling, with ηcap = 0.02, t_on = 0.55, t_off =
0.05, and α(ton) = 0.9.

Fast-dLLM. For Fast-dLLM, we use the factor-
based parallel decoding strategy with factor =
1.0.

G Controlled long-form constrained
generation probe

We additionally evaluate long-form open-ended
generation on a controlled creative-writing bench-
mark with 50 prompts designed to stress long-range
discourse constraints. Each prompt includes hard
constraints, such as mandatory phrase inclusion
and an exact sentence in the final paragraph, along
with soft global consistency constraints, such as a
fixed protagonist role and a single-location setting.
A representative prompt is shown below.

For this evaluation, we generate 1024-token out-
puts and use 100 Phase-2 refinement steps, scaling
the refinement budget with output length for budget
comparability. Hard-constraint satisfaction is eval-
uated automatically, while we use GPT-4o-mini
to assess long-range consistency, fluency, engage-
ment, contradiction, and soft-constraint satisfac-
tion.

On this benchmark, PURE reduces the con-
tradiction rate (0.26 vs. 0.30), slightly improves
soft-constraint satisfaction (0.720 vs. 0.707), and
slightly improves judged consistency (3.06 vs.
3.02), fluency (2.92 vs. 2.80), and engagement
(2.52 vs. 2.50), while incurring a small drop in
the strict hard-constraint pass rate (0.78 vs. 0.82).
These results suggest that targeted refinement does
not cause catastrophic degradation in long-form
open-ended generation, although it introduces a
modest trade-off in exact hard-constraint satisfac-
tion.

Representative prompt from the long-form
creative-writing set.

Genre: Realism

Premise: During a late-night shift at
a small clinic, a receptionist keeps
receiving calls that reference events that
have not happened yet.

Hard constraints:
(1) Include all of the following phrases
somewhere in the story: sticky note, coin
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locker, and paper cup.
(2) In the last paragraph, include the ex-
act sentence: “I wrote it down anyway.”

Soft global consistency constraints:
(1) The protagonist remains a reception-
ist throughout.
(2) The setting stays within one building.
(3) The calls should admit two plausible
interpretations without explicit explana-
tion.

Style: First-person past tense with at
least two lines of dialogue.
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