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Abstract

Much work has been done on designing fast and accurate sampling for
diffusion language models (dLLMs). However, these efforts have largely fo-
cused on the tradeoff between speed and quality of individual samples; how
to additionally ensure diversity across samples remains less well understood.
In this work, we show that diversity can be increased by using softened,
tempered versions of familiar confidence-based remasking heuristics, re-
taining their computational benefits and offering simple implementations.
We motivate this approach by introducing an idealized formal model of fork
tokens and studying the impact of remasking on the expected entropy at the
forks. Empirically, the proposed tempered heuristics close the exploration
gap (pass@k) between existing confidence-based and autoregressive sam-
pling, hence outperforming both when controlling for cost (pass@NFE). We
further study how the increase in diversity translates to downstream post-
training and test-time compute scaling. Overall, our findings demonstrate
that simple, efficient, and diverse sampling from dLLMs is possible.

1 Introduction

Diffusion language models (dLLMs) have recently seen significant uptake, offering native
bidirectional context and the ability to generate multiple tokens in parallel (Nie et al. 2025b;
Ye et al. 2025; Yang et al. 2025; Bethune et al. 2026; inter alia). Unlike in the autoregressive
(AR) setting, dLLMs require a remasking strategy that determines the order in which tokens
are sampled. Because this choice significantly affects sample quality, much prior work has
focused on optimizing the speed–quality tradeoff for individual samples (Chang et al. 2022;
Nie et al. 2025b; Kim et al. 2025a; Ben-Hamu et al. 2025; Jazbec et al. 2026; inter alia).

While this line of work has helped make dLLMs more competitive with AR LLMs, efficiently
obtaining a single high-quality sample is not always sufficient: post-training, test-time
compute scaling, and A/B testing all require diversity across samples in order to be effective.
Surprisingly, Ni et al. (2026) found that confidence-based heuristics yielding high single-
sample accuracy lead to worse diversity than left-to-right autoregressive generation. By
delaying uncertain tokens, such heuristics avoid genuine branching points in the reasoning
process. Autoregressive generation does not suffer from this problem, but comes at a
significant cost as it forgoes parallel generation of multiple tokens altogether.

In this work, we argue that the diversity problem can be addressed with a simple fix,
without abandoning parallel generation or adopting complex sampling schemes. Our key
observation is that it is the greedy nature of existing heuristics, not parallel generation in
itself, that limits diversity. By replacing them with softened, tempered approximations
thereof—for example, sampling positions proportional to their tempered confidence instead
of selecting them greedily based on the highest confidence—we demonstrate that diversity
can be recovered while preserving speed and simplicity.

∗Equal contribution. Correspondence to m.jazbec@uva.nl, theoxo@csail.mit.edu. Code available
at: https://github.com/metodj/2-temps-dLLM.
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In summary, our contributions are as follows:

• We introduce Tempered Low-Confidence (TLC) and Tempered Confidence Thresholding
(TCT) remasking, stochastic relaxations of two widely used remasking heuristics
(Nie et al., 2025b; Wu et al., 2026a) controlled by a position temperature Tpos (Sec-
tion 3.2). This provides a knob complementary to the standard token-level tempera-
ture Ttoken: Ttoken governs the entropy of what token is predicted at each position,
while Tpos governs how stochastic the order in which positions are committed to is.

• We give an operational definition of fork tokens, high-entropy positions that prior
work has empirically found to be important for effective post-training, and show
that, under an idealized model, increasing Tpos provably increases the expected
entropy at these forks for TLC (Section 3.1).

• We empirically validate that TLC recovers pass@k scaling comparable to AR rollouts
across multiple benchmarks and models, confirming that tempering the remasking
strategy is sufficient to restore diversity (Section 4.1, Figure 2). TCT goes further
by retaining the adaptive speed of confidence thresholding; when the cost of each
rollout is accounted for, TCT often scales better than either untempered heuristics
or AR generation (Section 4.1, Figure 3).

• We study how pass@k improvements translate downstream: when used for GRPO
rollout generation in dLLM post-training (Zhao et al., 2025) at matched computa-
tional budgets, TCT yields stronger policies than AR generation (Section 4.3). In
the context of test-time compute, we find that while the increased diversity of TCT
can overwhelm simple strategies such as majority voting, this gap is largely closed
when using outcome reward models for answer selection (Section 4.2).

2 Background

We use the notation [L] to represent the set {1, . . . , L}. We denote a sequence of tokens by
x = (x1, . . . , xL) ∈ V L, where V := [V] is the vocabulary and L is the sequence length.

2.1 From masked diffusion models to diffusion language models

Masked Diffusion Models (MDMs) are a form of absorbing discrete diffusion (Sohl-Dickstein
et al., 2015; Austin et al., 2021a) in which the target (noise) distribution places all its mass
on a single token, [MASK], and the forward process gradually corrupts each token towards
the absorbing mask state by transitioning tokens independently through a Markov chain.
Formally, this can be characterized compactly as follows:

x0 ∼ pdata x1 ∼ δ⊗L
[MASK] (1)

xt | x0 ∼ pt(xt | x0) ≜
L

∏
k=1

α(t)1
(

xk
t = [MASK]

)
+ (1− α(t))1

(
xk

t = xk
0

)
(2)

where 0 ≤ t ≤ 1 denotes the time, α : t→ [0, 1] is a monotonically non-decreasing function
in t with endpoints α(0) = 0, α(1) = 1, and δ⊗L

[MASK] is a product of L Dirac measures placing
all of their mass on [MASK]. The generative (i.e., reverse) process can be modeled either by
learning to predict the time-dependent reverse transition ratios (Campbell et al., 2022; Meng
et al., 2022; Lou et al., 2024), or by training a model qθ to directly approximate the conditional
distribution p0|t. The latter strategy has typically been the choice of language-modeling
practitioners, as later work (Sahoo et al., 2024; Shi et al., 2024; Ou et al., 2025) showed that
its evidence lower bound (ELBO) simplifies to:

−L(θ) ≜ Et∼U[0,1],x0∼pdata,xt∼pt(·|x0)

[
α′(t)
α(t)

L

∑
k=1

1
(

xk
t = [MASK]

)
log qk

θ(xk
0 | xt)

]
(3)

where qk
θ(·|xt) is the model’s predicted marginal distribution over possible tokens at the k-th

position. This formulation eliminates explicit conditioning on t, connecting MDM training
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to masked language modeling (Devlin et al., 2019) and any-order autoregressive models
(Hoogeboom et al., 2022). Combined with empirically validated scaling laws for MDMs
(Nie et al., 2025a; Bethune et al., 2026), this has enabled the open-source community to train
multi-billion parameter MDMs on textual data, which we refer to as diffusion (large) language
models (dLLMs).

2.2 Remasking strategies and sampling from dLLMs

Early work on MDMs obtained samples by discretizing the reverse process and simulating
the Markov chain (Campbell et al., 2022; Austin et al., 2021a; Lou et al., 2024). As observed
by Zheng et al. (2025), this is potentially wasteful as each individual token transitions exactly
once in Equation (2). They instead proposed a first-hit sampling scheme, which when the
time-agnostic objective of Equation (3) is used simplifies to what Nie et al. (2025b) call
random remasking. Concretely, denoting the current generation as xt ∈ V L with still-masked
positionsMt := {k ∈ [L] | xk

t = [MASK]}, the next generation xt′ is obtained via

xk
t′ :=

{
x ∼ qk

θ(· | xt ; Ttoken), if k ∈ Ut,
xk

t , otherwise.

where the unmasking set Ut of K ≥ 1 positions is sampled uniformly at random (without
replacement) fromMt. As in the autoregressive setting, Ttoken tempers the final softmax
of qk

θ : intuitively, higher temperatures yield more diverse (but possibly lower quality)
generations. This process continues until reaching a time whereMt = ∅.

Later work revealed that in practice, test-time performance can often be improved by
using heuristic remasking strategies that select Ut based on distributional information about
the model’s predictions. Two particularly popular choices use the model’s per-position
confidence ck

t ≜ maxv qk
θ(v | xt):1 low-confidence (LC; Chang et al. 2022; Nie et al. 2025b)

remasking unmasks the K most confident positions, while confidence thresholding (CT; Wu
et al. 2026a) unmasks all positions exceeding a fixed threshold λ ∈ [0, 1]:

LC: UK
t := arg max

I⊆Mt , |I|=K
∑
k∈I

ck
t (4)

CT: Uλ
t := {k ∈ Mt | ck

t > λ} (5)

The key distinction is that low-confidence remasking unmasks a fixed number of tokens per
step (K), while confidence thresholding is adaptive: |Uλ

t | varies with the model’s confidence,
allowing sampling to proceed quickly when the model is certain and slowly when it is not.

2.3 Sample diversity and the role of remasking

The remasking strategies discussed above are typically compared in terms of accuracy at a
given computational budget under greedy, Ttoken = 0, decoding (Nie et al., 2025b; Wu et al.,
2026a; Ben-Hamu et al., 2025). However, many practical applications require diverse sets
of samples; in this case the more important metric becomes pass@k, the probability that at
least one of k independent samples solves a given problem (Kulal et al., 2019; Chen et al.,
2021). Ni et al. (2026) investigated pass@k scaling for dLLMs and found that low-confidence
remasking, despite its strong greedy performance, exhibits notably flatter pass@k curves
than autoregressive (left-to-right) decoding. They attribute this to a phenomenon they dub
entropy degradation, where low-confidence systematically defers high-entropy branching
positions until surrounding context has already been established, collapsing the entropy
that would otherwise enable qualitatively diverse samples. Autoregressive decoding, Ni
et al. (2026) argue, sidesteps this by resolving tokens in a fixed positional order agnostic to
confidence, forcing the model to commit to branching points as they arise.
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Prompt: "Write a function that takes a list of floats parsed as strings and returns the standard deviation."

 Fork token (high model entropy, both choices plausible)  Anchor token (model biased towards one choice, then constrains fork)  Other tokens

Solution skeleton

import 

def strs_to_std(xs):

    xs = [float(x) for x in xs]

    return . (xs)

Solution A
import numpy

def strs_to_std(xs):

    xs = [float(x) for x in xs]

    return numpy.std(xs)

✅ Matches the prompt
⚠️ Population std (divides by N)
⚠️ Returns nan on empty input

Solution B
import statistics

def strs_to_std(xs):

    xs = [float(x) for x in xs]

    return statistics.stdev(xs)

✅ Matches the prompt
⚠️ Sample std (divides by N−1)
⚠️ Raises error if len(xs) < 2

Remasking strategy Token sampling order Semantically diverse samples Parallel generation

Deterministic Confidence-based import def ··· numpy std ··· numpy [...] ··· ✗ ✓

Autoregressive (Left-to-Right) import statistics ··· statistics . stdev (xs) ✓ ✗

Tempered Confidence-based (ours) import def ··· statistics [...] ··· statistics stdev ··· ✓ ✓

?????

????? ????

Figure 1: An example illustrating our model of entropy degradation. The fork token
(Definition 1) has high marginal uncertainty under the dLLM, indicating that both the
numpy and statistics solutions are plausible. However, the dLLM is simultaneously overly
confident in its prediction at the anchor tokens in the function body, biasing low-confidence
remasking towards one solution as it reveals those tokens first. Tempered remasking allows
the fork to still be revealed first, increasing semantic diversity without sacrificing parallelism.
Note that while both paths lead to generations that match the prompt ( ), they have subtly
different semantics ( ); sampling both is important to achieve good coverage.

3 Methods

We now introduce our approach for generating diverse and efficient samples with dLLMs.
We first study Ni et al. (2026)’s empirical findings through the lens of a formal model of fork
tokens and their relationship to semantic sample diversity (Section 3.1). Motivated by our
observations, we then propose to temper confidence-based heuristics via a new position
temperature Tpos, and discuss two concrete instantiations of this strategy (Section 3.2).
Figure 1 shows an overview of our modeling framework and methodology.

3.1 Fork tokens and the anchor-fork degeneracy

Ni et al. (2026)’s empirical study of entropy degradation is grounded in the observational
definition of forking tokens given by prior work (see Section A). These works identify forks as
positions in the sequence that have exceptionally high entropy, and observe that maintaining
diversity at these positions translates to effective post-training (for autoregressive models).

To allow us to reason more precisely about this phenomenon, we develop a formal model in
Appendix C (see Appendix C.5 for empirical validation). Key to our analysis is an operational
definition of fork tokens as positions in the sequence whose value sharply bounds the set
of possible semantic outcomes under the data distribution (Definition 1), allowing us to
formally connect their uncertainty to the semantic sample diversity (Equation 6). To connect
this machinery to Ni et al. (2026)’s observations of the sampling distribution induced by
pairing qθ with low-confidence or autoregressive remasking, we build on their intuition
that the root cause of entropy degradation is that contextual tokens surrounding the fork
tend to dominate it in confidence, and that revealing them collapses the fork’s entropy
before it is ever sampled. We capture this intuition in what we call the anchor-fork degeneracy
model (Assumption 1), where the sampling distribution’s uncertainty about the fork token
is determined by the set of high-confidence anchor tokens that have been revealed so far. This
phenomenon is visualized in the upper half of Figure 1.

1For non-greedy sampling we define the confidence as ck
t ≜ qk

θ(x | xt), x ∼ qk
θ(· | xt ; Ttoken).
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This simple model recovers all three of Ni et al. (2026)’s empirical observations: (i) LC yields
minimal average fork entropy; (ii) adjusting Ttoken does not help with preserving entropy
at forks, since it does not change the unmasking order (Proposition 2); and (iii) left-to-right
generation yields strictly higher average fork entropy than LC whenever at least one anchor
follows the fork in positional order (Proposition 3). Additionally, however, it also yields a
new prediction: autoregressive generation is not special, and any strategy that increases the
probability of resolving a fork before its anchors will retain higher fork entropy than LC.
This suggests that semantic diversity can be improved without sacrificing the efficiency of
parallel generation.

3.2 Tempered remasking heuristics

The formal analysis of Appendix C suggests a simple fix for confidence-based heuristics:
rather than deterministically selecting positions to unmask, sample them in proportion to
a softened distribution determined by their confidences. This distribution can then be
controlled through a position temperature Tpos that provides a complementary knob to Ttoken:
Ttoken governs how greedily we determine what is sampled at each position, while Tpos
governs how greedily we determine the order in which to do so.

We now describe concrete instantiations corresponding to each heuristic from Section 2.2.

Tempered low-confidence (TLC) remasking (Algorithm 2). Rather than deterministically
selecting UK

t as in Equation (4), TLC samples K positions (without replacement) from a
tempered distribution induced by the confidences:

UK,Tpos
t

w/o repl.∼ Cat(c̃t), c̃k
t ∝ (ck

t )
1/Tpos · 1 (k ∈ Mt)

where Tpos > 0 is a free parameter. As Tpos ↓ 0, TLC recovers deterministic low-confidence
remasking; as Tpos ↑ ∞, it approaches uniform (random) remasking.

In Appendix C we prove that TLC resolves the anchor-fork degeneracy: under the idealized
model, sufficiently large increases of Tpos provably increase the expected fork-token entropy
(Proposition 1); combined with an assumption that qθ captures the data distribution well
enough to preserve the fork structure (Assumption 2), this yields a direct increase in semantic
diversity, and thus intuitively pass@k, whenever the fork-entropy gain is large enough
(Corollary 1).2

While TLC offers a mechanism to recover sample diversity, it does not yield the adaptive
speed-ups that make confidence-based heuristics particularly attractive. This motivates
applying the same tempering idea to confidence thresholding.

Tempered confidence thresholding (TCT) remasking (Algorithm 4). TCT replaces the hard
threshold in Equation (5) with stochastic inclusion:

Uλ,Tpos
t = {k ∈ Mt | bk

t = 1}, bk
t ∼ Ber

(
σ
(
(ck

t − λ)/Tpos

))
where σ(x) = 1/(1 + e−x) is the sigmoid function. This recovers the hard threshold at λ as
Tpos ↓ 0, while yielding increasingly stochastic (and λ-agnostic) behavior as Tpos increases.
Intuitively, at moderate temperatures, λ controls the speed of generation while Tpos controls
the degree of diversity: under hard thresholding, a fork token whose confidence falls below
λ is deterministically deferred; under TCT, the sigmoid gives it nonzero probability of being
unmasked at every step, breaking the systematic deferral. TCT thus retains the adaptive
efficiency of confidence thresholding while introducing the same diversity benefits as TLC.

4 Experiments

We begin our experiments by verifying that our proposed tempered samplers can close
the gap to autoregressive sampling in terms of pass@k and also outperform it when the

2In practice, excessively increasing Tpos risks revealing positions with less context than is needed
to yield coherent generations (same as random unmasking), so for smaller values of k the optimal Tpos
needs to be chosen to balance the diversity gain against this loss of quality (see Figure 8).
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Figure 2: Pass@k for TLC (Tpos = 1) on LLaDA-8B-Instruct and Dream-7B-Instruct across
four benchmarks. TLC closely tracks the AR baseline, recovering almost all of the diversity
lost by low-confidence remasking.

cost of generation is taken into account (Section 4.1). Next, we investigate whether the
improvements in diversity translate to improved downstream performance for test-time
compute (Section 4.2). Finally, we examine the implications of tempering when generating
rollouts during RL post-training of dLLMs (Section 4.3).

4.1 Tempered heuristics recover pass@k scaling

We start by investigating the core hypothesis that tempering the heuristics can recover
pass@k scaling comparable to autoregressive sampling (Ni et al., 2026).

Experimental setting.3 We evaluate our proposed remasking strategies on two open-source
dLLMs: LLaDA-8B-Instruct (Nie et al., 2025b) 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., 2021), and MBPP (Austin et al., 2021b). For GSM8K
we evaluate on a subset of Ntest = 300 test samples to reduce computational cost. Following
prior work (Zhao et al., 2025), we use Ttoken = 0.8 as well as semi-AR/block-wise decoding
with blocks of 32 tokens (Arriola et al., 2025; Nie et al., 2025b), at a sequence length of
L = 256. Due to cost, and to avoid overfitting the position temperature to any one particular
setting, we fix Tpos = 1 for TLC and Tpos = 0.1 for TCT.

We report pass@k, the standard measure of whether at least one of k samples solves a given
problem (Kulal et al., 2019; Chen et al., 2021). When evaluating the adaptive remasking
functions, we also report pass@NFE—the pass rate as a function of the cumulative NFEs
required. This metric was also used in recent work by Shen et al. (2026), and avoids pass@k’s
bias towards methods that use more compute per sample (Olausson et al., 2024).

TLC recovers diversity at high sample counts. Figure 2 shows pass@k for TLC across
all four benchmarks, as well as for autoregressive, low-confidence and random baselines.
We first note that our results echo the findings of Ni et al. (2026), as the low-confidence
baseline underperforms autoregressive generation for both models, on all four datasets. In
contrast, despite the lack of task- or model-specific tuning of Tpos, TLC closely tracks the
AR baseline in all settings other than for Dream on HumanEval. These findings confirm
that tempering the remasking heuristic can restore rollout diversity. Moreover, while the

3Our code is publicly available at: https://github.com/metodj/2-temps-dLLM.
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Figure 3: Pass@k (top) and pass@NFE (bottom) for TCT on LLaDA-8B-Instruct. Both
rows plot the same data; only the metric changes (pass@k vs pass@NFE). TCT slightly
underperforms AR in pass@k, but substantially outperforms it when the cost of each sample
is taken into account. TCT also outperforms deterministic confidence-thresholding (Fast-
dLLM; Wu et al. 2026a) thanks to its additional source of randomness via Tpos.

random baseline catches up to TLC and AR on math datasets, it exhibits a large gap on
coding datasets (HumanEval, MBPP), indicating that too much randomness in sampling
unmasking positions (i.e., Tpos = ∞) can hurt performance.

In Figure 9, we additionally study how robust these findings are across different token
temperatures, finding TLC to be the least dependent on the exact choice of Ttoken. Con-
cretely, performance under AR sampling degrades severely when using Ttoken > 1, while
low-confidence experiences a stronger drop in performance for Ttoken < 1 compared to
the proposed TLC. Importantly, TLC exhibits larger performance improvements when
increasing k compared to low-confidence sampling across all considered Ttoken, confirming
the benefits of additional randomness (via Tpos > 0) on sampling diversity.

In Figure 14, we further investigate whether the amount of diffusion training received by
the underlying dLLM influences the effectiveness of TLC. To this end, we repeat our TLC
pass@k experiments on LLaDA-2-mini (Bie et al., 2025) and SDAR (Cheng et al., 2026b),
both of which were initialized from autoregressive LLMs and subsequently converted into
dLLMs using approximately 200B and 50B training tokens, respectively. In contrast, LLaDA
was trained as a diffusion model from scratch on 2.3T tokens. As shown in Figure 14, unlike
on LLaDA, TLC does not fully close the gap to autoregressive sampling on either LLaDA-2-
mini or SDAR. We hypothesize that this is because TLC shifts the sampling behavior toward
random sampling, such that its effectiveness at large k depends on random sampling itself
retaining reasonable accuracy. Indeed, random sampling appears to perform better for
models exposed to more extensive diffusion training: on LLaDA, it fully catches up with
low-confidence sampling by k = 64, whereas on SDAR it remains substantially behind.
Taken together, these results suggest that TLC is most effective when the underlying model
has received sufficient diffusion training.

TCT: lower pass@k, but higher pass@NFE. We depict TCT sampling results for LLaDA in
Figure 3 (see Figure 10 for Dream and Figure 15 for LLaDA-2-mini (Bie et al., 2025) results).
Looking only at pass@k (top row), TCT (Tpos = 0.1, λ = 0.6) slightly underperforms the
AR baseline on all benchmarks, although it still beats out the deterministic confidence-
thresholding (λ = 0.6; Wu et al. 2026a). However, when cost is taken into account (bottom
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Figure 4: Test-time scaling for LLaDA-8B-Instruct in terms of Best@NFE when using either
self-consistency or an ORM for final answer selection. TCT performs worse compared to AR
at higher NFEs when using self-consistency; however, when using an ORM, TCT improves
the Pareto frontier compared to autoregressive rollouts. See Figure 11 for Best@k results.

row), TCT starts to shine, substantially outperforming both baselines. As a concrete ex-
ample, on the MATH dataset, TCT requires around 4000 NFEs to achieve performance
above 70%: a 2x speed-up compared to AR which requires around 8000 NFEs.4 Notably,
deterministic confidence-thresholding alone is not sufficient to outperform autoregressive
rollouts at higher NFE values, as it underperforms AR on HumanEval and MBPP; only TCT
consistently comes out on top, highlighting the importance of tempering confidence-based
heuristics to preserve diversity.

4.2 TCT for test-time compute

We next turn our attention to test-time compute to check whether the observed improved
diversity of our proposed TCT sampler translates to better downstream performance.

Experimental setting. We focus on evaluating LLaDA-8B-Instruct on GSM8K (same subset
of Ntest = 300 samples) and MATH-500. We study these datasets as they require the use
of heuristic answer selection strategies, unlike in coding where pass@k already directly
captures scaling with respect to a fixed test suite. We consider two widely used such
strategies: (i) self-consistency, where the most common answer is selected (Wang et al., 2023),
and (ii) ORM, where an (outcome) reward model is used to score each generation, and the
one with the highest score is returned. For the ORM, we use AceMath-7B (Liu et al., 2025).

Results. We report Best@NFE results in Figure 4. Focusing first on the self-consistency
results, we observe that while TCT outperforms the AR baseline at lower NFE counts, it
plateaus sooner and thus achieves a lower top performance. As depicted in Figure 12,
we attribute this to TCT producing less peaked, higher-entropy predictive distributions
when aggregating over k samples (see Figure 13 for concrete examples of such predictive
distributions). However, when the ORM is used to select the sample, the performance
trends from pass@NFE in the previous section are largely recovered, and both TCT and
confidence-thresholding outperform the AR baseline in terms of Best@NFE.

4.3 TCT for GRPO rollouts

Recall that our interest in pass@k (and pass@NFE) stems from it being a useful indicator of
the performance gains that can be obtained through policy optimization post-training (Yue
et al., 2025). In this section, we thus investigate whether the pass@NFE improvements of
TCT translate to better post-training results, when controlling for training cost.

Experimental setting. We focus on post-training LLaDA-8B-Instruct (Nie et al., 2025b) on
mathematical datasets (GSM8K, MATH-500). We adopt the d1 reinforcement learning frame-
work (Zhao et al., 2025), as it is widely used for post-training dLLMs and provides efficient
(albeit biased) policy likelihood estimation requiring only a single NFE. For generating

4When measuring the NFEs for AR sampling, we count the number of tokens generated before
〈eos〉. For TCT/CT, we count NFEs until all L positions are unmasked.
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Figure 5: GRPO post-training results for LLaDA-8B-Instruct on GSM8K (top) and MATH
(bottom). Left: Group mean training reward. Middle: Group standard deviation of the
reward. Right: Evaluation accuracy under greedy decoding with confidence thresholding at
varying λ. All models are trained for a fixed wall-clock budget of 72 hours; vertical dashed
lines indicate the number of completed training steps for each sampler. TCT completes
around twice as many training steps compared to AR due to its adaptive parallelism,
maintains the highest reward diversity throughout training due to Tpos > 0, and yields
evaluation performance comparable to or better than both AR and Fast-dLLM baselines.

GRPO rollouts, we use either TCT (with Tpos = 0.1, λ = 0.6), deterministic confidence-
thresholding (with λ = 0.6), or autoregressive rollouts. Since the considered samplers differ
in generation speed, we ensure a fair comparison by training for a fixed duration rather than
a fixed number of training steps or epochs. Specifically, all models are trained for 72 hours
on a single node with 4×A100 GPUs. After training, we evaluate the resulting RL-trained
models under greedy decoding (Ttoken = 0) with confidence-thresholding, varying the
threshold λ ∈ {0.6, 0.8, 1.0} to obtain accuracy-NFEs Pareto frontiers for each trained policy.

Results. In Figure 5, we show training rewards (left), the standard deviation of rewards
within a group during training (middle), and evaluation results (right). In the training plots,
we indicate the number of completed steps (within a fixed compute budget) using vertical
dashed lines. We observe that TCT completes the most GRPO training steps. For example,
on GSM8K, TCT completes around 44K steps compared to only around 21K steps for AR.
This is a direct consequence of the adaptive nature of the TCT and Fast-dLLM samplers,
which generate multiple tokens in-parallel, hence leading to much faster generation of GRPO
rollouts compared to one-token-at-a-time, left-to-right autoregressive sampling. Next, we
observe that TCT exhibits lower training rewards compared to both AR and confidence-
thresholding (Fast-dLLM). Note, however, that training rewards are not directly comparable,
as different sampling strategies are used for rollout generation. Hence, the lower training
reward of TCT can be directly attributed to its slightly lower pass@1 rates (Figure 3). More
important than the average reward for RL is the diversity of rewards within a group of
rollouts used to compute GRPO advantages. In the extreme case where all samples receive
the same reward, all advantages are equal to zero, and there is no learning signal for RL to
exploit. Encouragingly, we find that TCT helps preserve high rollout diversity, as it exhibits
the highest standard deviation of rewards throughout training.

Lastly, at test time, we observe that the policies obtained under TCT or Fast-dLLM sampling
yield better evaluation performance compared to AR-trained policies. This complements
recent findings in the literature (Ni et al., 2026) by demonstrating that when training cost is
taken into account, there is no clear advantage to using autoregressive rollouts for GRPO,
at least when using the efficient likelihood estimator from Zhao et al. (2025). We leave for
future work the investigation of whether our findings also hold when using unbiased, yet
more computationally expensive, likelihood estimators (Turok et al., 2026; Ni et al., 2026).
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5 Related work

While sample diversity is well-studied in the autoregressive setting, it has received com-
paratively little attention in the context of dLLMs. Ni et al. (2026) and Shen et al. (2026)
both study how the generation order impacts the reachable solution space, finding that
confidence-based heuristics collapse diversity; however, neither proposes a sampling strat-
egy that recovers diversity while retaining the efficiency of parallel generation. Concurrent
to our work, Wu et al. (2026b) propose TAPS, which injects time-dependent noise into the
conditioning signal to encourage semantic branching in early denoising steps, and Lamont
et al. (2026) repel samples in feature space during generation to penalize within-batch redun-
dancy. Both are training-free and effective, but operate on different axes than our approach
where we modify the remasking order itself. The three approaches are thus complementary.
We discuss further related work in Appendix A.

6 Conclusion

We have introduced tempered remasking heuristics for dLLMs, showing that simple, stochas-
tic relaxations controlled by a single temperature Tpos can recover the rollout diversity
needed for effective post-training without sacrificing the advantages of parallel generation.

Limitations and future work. Our work does not provide a mechanism for how to tune
Tpos to optimally balance sample quality and diversity, and except for Figure 8 we do not
empirically analyze our method’s sensitivity to the parameter. Moreover, we observe that
although TCT strongly outperforms Fast-dLLM sampling (Wu et al., 2026a) in our pass@NFE
experiments (Figure 3), we find that the two often perform comparably on downstream tasks
such as test-time compute (Figure 4) and RL post-training (Figure 5). Given that prior work
has shown a connection between pass@k and success in these settings for autoregressive
models (Yue et al., 2025), it would be valuable for future work to investigate why this is
not reflected in d1-style (Zhao et al., 2025) GRPO for dLLMs. Additionally, preliminary
experiments on a larger set of models (Figure 14) suggest that the effectiveness of TLC may
depend on the amount and nature of diffusion training received by the underlying model,
potentially limiting its benefits for dLLMs obtained through comparatively short diffusion
continued pretraining from autoregressive initializations. Since such conversions are often
favored by practitioners seeking to reduce training cost, future work should explore how to
make tempered samplers more effective for such models. Finally, while we take measures
to empirically validate the modeling used in our formal analysis (Appendix C.5), our proofs
rely on the idealized assumptions that fork-token entropy degrades linearly as anchors
are revealed (Assumption 1) and that qθ preserves the data distribution’s fork structure
(Assumption 2), neither of which would hold perfectly in practice. We also only theoretically
study TLC at K = 1, leaving a theoretical gap to parallel generation unlike other analyses
such as those by Wu et al. (2026a); Ben-Hamu et al. (2025).
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A Extended related work

Post-training dLLMs. Most work on adapting policy optimization to dLLMs has focused on
tackling the intractability of the dLLM’s likelihood (Zhao et al. 2025; Rojas et al. 2026; Wang
et al. 2026c;a;b; Turok et al. 2026; inter alia), while the impact of the remasking strategy on
policy exploration has received less attention thus far. Most closely related to our work, Ni
et al. (2026) observed a tension between efficiency and diversity in deterministic confidence-
based samplers, and instead proposed using AR sampling to encourage exploration in
dLLMs. Crystallizing their observation into a formal model directly led to the alternative
solution of tempered samplers we propose in this work, which improve sample diversity
without sacrificing generation speed.

Remasking strategies for dLLMs. Building on the simplicity of the first-hit sampler pro-
posed by Zheng et al. (2025), a variety of heuristic remasking strategies have been proposed.
Fixed-budget methods choose a pre-determined number of positions after ranking candi-
dates by confidence (Chang et al., 2022; Nie et al., 2025b), prediction margin (Kim et al.,
2025a), or KL stability across steps (Kim et al., 2025b), while adaptive methods unmask
variable-size sets via confidence thresholds (Wu et al., 2026a) or entropy bounds (Ben-Hamu
et al., 2025). Orthogonally, some works have sought to learn remasking strategies (Huang
et al., 2025b; Jazbec et al., 2026; Chen et al., 2025; Zhao et al., 2026). Common to all of the
above is their focus on the accuracy–speed tradeoff for individual samples under greedy
decoding, in contrast to our focus on diversity.

The role of sample diversity in language modeling. Sample diversity has been found to
be a critical component in multiple stages of the LLM scaling pipeline: Yue et al. (2025)
showed that RL accuracy gains are bounded by base-model pass@k, and test-time scaling
requires meaningfully distinct candidates for strategies such as self-consistency (Wang et al.,
2023) and Best-of-N (Snell et al., 2025). In autoregressive models, maintaining diversity
during post-training has required indirect interventions such as entropy regularization (Yu
et al., 2025; Cui et al., 2025; Petrenko et al., 2026), entropy-based advantage shaping (Cheng
et al., 2026a), or selective regularization of low-probability exploratory tokens (Huang et al.,
2025a); we show that in the case of dLLMs, the flexible generation order itself provides an
alternative lever.

Fork tokens. Bigelow et al. (2025) studied forking tokens in neural text generation, showing
that resampling a small set of high-impact tokens can induce qualitatively different contin-
uations. More recently, Wang et al. (2025) popularized the term forking tokens to describe
high-entropy tokens that steer reasoning, and demonstrated their crucial role for effective
RLVR of autoregressive LLMs. Ni et al. (2026) investigated forks in dLLMs and empirically
showed that their entropy degrades under popular confidence-based samplers. In our
work, we formalize these fork tokens operationally to better understand how the choice of
remasking strategy impacts sample diversity for dLLMs.
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B Algorithms

Algorithm 1 Low-Confidence (LC) Sam-
pling

1: Input: xt, qθ , K, Ttoken
2: Output: xt−1
3: Mt ← {k ∈ [L] | xk

t = [MASK]}
4: xk

0 ∼ qk
θ(· | xt; Ttoken)

5: ck
t ← qk

θ(xk
0 | xt)

6: Ut ← argtop-Kk∈Mt
ck

t

7: xk
t−1 :=

{
xk

0 , k ∈ Ut
xk

t , else

Algorithm 2 Tempered Low-Confidence
(TLC) Sampling

1: Input: xt, qθ , K, Ttoken, Tpos

2: Output: xt−1
3: Mt ← {k ∈ [L] | xk

t = [MASK]}
4: xk

0 ∼ qk
θ(· | xt; Ttoken)

5: ck
t ← qk

θ(xk
0 | xt)

6: c̃k
t ∝ (ck

t )
1/Tpos · 1 (k ∈ Mt)

7: Ut ∼ Cat(c̃t) w/o repl., |Ut| = K

8: xk
t−1 :=

{
xk

0 , k ∈ Ut
xk

t , else

Algorithm 3 Confidence Thresholding (CT)
Sampling; Fast-dLLM (Wu et al., 2026a)

1: Input: xt, qθ , λ, Ttoken
2: Output: xt−1
3: Mt ← {k ∈ [L] | xk

t = [MASK]}
4: xk

0 ∼ qk
θ(· | xt; Ttoken)

5: ck
t ← qk

θ(xk
0 | xt)

6: Ut ← {k ∈ Mt : ck
t > λ}

7: xk
t−1 :=

{
xk

0 , k ∈ Ut
xk

t , else

Algorithm 4 Tempered Confidence Thresh-
olding (TCT) Sampling

1: Input: xt, qθ , λ, Ttoken, Tpos

2: Output: xt−1
3: Mt ← {k ∈ [L] | xk

t = [MASK]}
4: xk

0 ∼ qk
θ(· | xt; Ttoken)

5: ck
t ← qk

θ(xk
0 | xt)

6: bk
t ∼ Ber

(
σ
(
(ck

t − λ)/Tpos

))
7: Ut ← {k ∈ Mt : bk

t = 1}

8: xk
t−1 :=

{
xk

0 , k ∈ Ut
xk

t , else
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C Formal statements and proofs

In this appendix we develop the formal machinery described in Section 3.1.

Roadmap. We begin by giving an operational definition of fork tokens (Definition 1) and
state the main assumption underlying our analysis (Assumption 1). We then establish a
pairwise ordering lemma between anchors and forks (Lemma 1) and use it to prove our
main result: increasing Tpos increases fork-token entropy (Proposition 1). Next, Corollary 1
ties this to the semantic sample entropy through an additional assumption on the model
quality (Assumption 2). Finally, we show that under a mild additional assumption token
temperature does not help preserve fork token entropy (Proposition 2) while autoregressive
generation provably does, compared to low-confidence remasking (Proposition 3).

Notation.

• xt: a (possibly partially masked) string of length L at time t.

• Mt = {k ∈ [L] | xk
t = [MASK]}: the set of masked positions in xt.

• qθ : the dLLM used.

• qk
θ(·|xt): its predicted marginal distribution over tokens at position k, when

prompted with xt.

• ck
t or ct,k: the confidence of the model qθ at position k in state xt (see Section 2.2).

When using the superscript for other purposes (such as taking powers), we use the
double subscript notation.

• Tpos: position temperature, controlling the stochasticity of the remasking order for
TLC.

• Pπ,θ or PTpos : the joint distribution over generation trajectories induced by pairing
qθ with remasking strategy π. The shorthand PTpos is used when π is TLC with
position temperature Tpos.

• T(j) or Tπ(j): the step at which position j is unmasked. Since this is a random
quantity in Pπ,θ , the subscript π is included when the remasking strategy used
needs to be made explicit.

• HPπ,θ (xℓ0 | xt): the entropy of the token generated at position ℓ, under the generative
process induced by π and qθ starting from xt.

• H̄Pπ,θ (xℓ0 | xt): the entropy of the model qθ’s predictive distribution at ℓ at the step
where ℓ is unmasked, averaged over trajectories starting from xt:

H̄Pπ,θ (xℓ0 | xt) ≜ ExTπ (ℓ)−1∼Pπ,θ(·|xt)

[
Hqℓθ

(xℓ0 | xTπ(ℓ)−1)
]

.

• J·K : V L → S : a function mapping strings to semantic outcomes (e.g., final answers
for mathematics problems, or program outputs with respect to a fixed test suite).

With this notation in hand, we can now give an operational definition of fork tokens.
Definition 1 ((ϵ, δ)-fork token). Let xt be a partially masked string with masked positionsMt. A
position ℓ ∈ Mt is an (ϵ, δ)-fork token with respect to pdata and xt if:

1. Hpdata(xℓ0 | xt, Jx0K) ≤ ϵ ;

2. Hpdata(Jx0K | xt, xℓ0) ≤ δ .

That is, the fork token’s value and the semantic outcome are tightly coupled: knowing one
constrains the other to a high degree of certainty. Repeatedly applying the chain rule, it
follows immediately that

Hpdata(xℓ0 | xt)− ϵ ≤ Hpdata(Jx0K | xt) ≤ Hpdata(xℓ0 | xt) + δ . (6)
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This aligns with the intuition in prior work (Wang et al., 2025; Ni et al., 2026) that fork-token
entropy largely dictates the semantic diversity of samples.

To relate this definition to Ni et al. (2026)’s empirical observations, we need a model of
how the distribution Pπ,θ induced by pairing qθ with a remasking function π interacts with
such fork tokens. Based on their findings, we posit a simple model in which a fork token’s
predictive entropy is governed by a small set of high-confidence anchor positions whose
confidences dominate that of the fork (see Appendix C.5 for empirical validation).
Assumption 1 (Anchor-fork degeneracy). Let ℓ be an (ϵ, δ)-fork token with respect to pdata, J·K,
and xt. We say that Pπ,θ suffers from an anchor-fork degeneracy at ℓ in xt if there exist anchor
positions A ⊂ Mt \ {ℓ} with constants ηa > 0 such that for every state xt′ reachable through
Pπ,θ(· | xt) with ℓ ∈ Mt′ :

1. There is a persistent anchor-fork confidence gap: ca
t′ > cℓt′ for every remaining anchor

a ∈ A ∩Mt′ .

2. Revealing anchors linearly degrades the fork entropy:

Hqℓθ
(xℓ0 | xt′) = Hqℓθ

(xℓ0 | xt)− ∑
a∈A\Mt′

ηa (7)

where Hqℓθ
(xℓ0 | xt) > ∑a∈A ηa > 0.

As mentioned in Section 3.1, this model is directly inspired by (and consistent with) the
empirical findings of Ni et al. (2026): (i) LC deterministically reveals all anchors before the
fork, yielding minimal entropy; (ii) Ttoken will not affect the unmasking order unless it flips
the confidences, and hence often leaves the expectation over π unchanged (Appendix C.3);
and (iii) left-to-right generation yields strictly higher fork entropy than LC whenever at
least one anchor follows the fork in positional order (Appendix C.4).

We now give formal evidence for each of these claims, beginning with a pairwise ordering
bound that underlies the main proposition.

C.1 A pairwise anchor-fork ordering bound

Lemma 1 (Pairwise anchor-fork ordering bound). Let ℓ be a fork token subject to an anchor-fork
degeneracy (Assumption 1), and let a ∈ A be one of its anchors. Under TLC with K = 1 at position
temperature Tpos > 0, let T(ℓ) and T(a) denote the steps at which ℓ and a are unmasked, respectively.
Define

δa ≜ inf
xt′

ln
ct′ ,a

ct′ ,ℓ
and ∆a ≜ sup

xt′
ln

ct′ ,a

ct′ ,ℓ

where both extrema are taken over all states xt′ reachable from xt with {ℓ, a} ⊂ Mt′ . Then

σ

(
δa

Tpos

)
≤ PTpos(T(a) < T(ℓ)) ≤ σ

(
∆a

Tpos

)
where σ(x) = 1/(1 + e−x) is the sigmoid function.

Proof. Note first that 0 < δa ≤ ∆a < ∞: the lower bound follows from the confidence gap
(Assumption 1, condition 1), and the upper bound from the fact that ct′ ,a ≤ 1 and ct′ ,ℓ > 0 in
every reachable state. The statement is thus well-posed.

Now, under TLC with K = 1, each step selects a single masked position j with probability

proportional to c
1/Tpos
t,j . Let t∗ = min(T(a), T(ℓ)) be the first step at which either a or ℓ is

unmasked. At step t∗, conditioning on the event that the selected position lies in {a, ℓ} and
marginalizing out all other masked positions, we obtain

PTpos(T(a) < T(ℓ)) =
c

1/Tpos
t∗ ,a

c
1/Tpos
t∗ ,a + c

1/Tpos
t∗ ,ℓ

=
(ct∗ ,a/ct∗ ,ℓ)

1/Tpos

1 + (ct∗ ,a/ct∗ ,ℓ)
1/Tpos

= σ

(
ln(ct∗ ,a/ct∗ ,ℓ)

Tpos

)
.

Since δa ≤ ln(ct∗ ,a/ct∗ ,ℓ) ≤ ∆a and σ is strictly increasing, the result follows.
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C.2 Increasing Tpos increases fork-token entropy

Proposition 1 (Increasing Tpos increases fork-token entropy). Let Tpos, T′pos > 0 be two position
temperatures for TLC at K = 1. Let ℓ be a fork token in state xt subject to an anchor-fork degeneracy
(Assumption 1) under both PTpos and PT′pos

. Let δa, ∆a be as in Lemma 1, and define

δ ≜ min
a∈A

δa, ∆ ≜ max
a∈A

∆a.

Then if T′pos > Tpos · ∆/δ,

H̄PTpos
(xℓ0 | xt) < H̄PT′pos

(xℓ0 | xt).

Proof. By the linear entropy reduction condition (Assumption 1, condition 2) and the linear-
ity of expectation, we have for τ ∈ {Tpos, T′pos} that

H̄Pτ,θ (xℓ0 | xt) = ExTτ (ℓ)−1∼Pτ,θ

[
Hqℓθ

(xℓ0 | xTτ(ℓ)−1)
]

(by definition of H̄)

= ExTτ (ℓ)−1∼Pτ,θ

Hqℓθ
(xℓ0 | xt)− ∑

a∈A\MTτ (ℓ)−1

ηa

 (Assumption 1)

= Hqℓθ
(xℓ0 | xt)−ExTτ (ℓ)−1∼Pτ,θ

 ∑
a∈A\MTτ (ℓ)−1

ηa


= Hqℓθ

(xℓ0 | xt)− ∑
a∈A

Pτ(T(a) < T(ℓ)) · ηa

where Tτ(ℓ) denotes the unmasking time of the fork. Since each η > 0, it thus suffices to
show that PT′pos

(T(a) < T(ℓ)) < PTpos(T(a) < T(ℓ)) for every a ∈ A. Per Lemma 1 and the
definitions of δ, ∆:

PT′pos
(T(a) < T(ℓ)) ≤ σ

(
∆

T′pos

)
< σ

(
δ

Tpos

)
≤ PTpos(T(a) < T(ℓ)),

where the strict inequality follows from the gap condition T′pos > Tpos · ∆/δ, which gives
∆/T′pos < δ/Tpos, combined with σ being strictly increasing. The result follows.

Remark 1. Lemma 1 only applies when Tpos, T′pos > 0, so this proof does not allow us to compare
TLC (at some Tpos > 0) vs LC. However, note that this case is trivial: Under LC, all anchors are
revealed before the fork with probability 1 by the confidence gap (Assumption 1, condition 1), so

H̄P0,θ (xℓ0 | xt) = Hqℓθ
(xℓ0 | xt)− ∑

a∈A
ηa,

the minimal fork entropy achievable under the anchor-fork degeneracy model. Since any Tpos > 0
yields PTpos(T(a) < T(ℓ)) < 1 for every anchor a (that is, σ(x) < 1 for all finite x), it follows that
H̄PTpos ,θ (xℓ0 | xt) > H̄PLC,θ (xℓ0 | xt) for any Tpos > 0. That is, any amount of tempering strictly
improves expected fork-token entropy over deterministic LC.

In order to tie this proposition back to Definition 1 and conclude that the semantic entropy
of the final generation will increase (Corollary 1), we need one more assumption: that qθ
captures the data distribution well enough that no matter what π is (out of the strategies
under consideration), it will not stop ℓ from also being a fork token with respect to Pπ,θ .

Assumption 2 (Model quality). Let ℓ be an (ϵ, δ)-fork token with respect to pdata and xt. We say
that qθ preserves the fork structure at ℓ if ℓ is also an (ϵ, δ)-fork token with respect to Pπ,θ for all
remasking strategies π.
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That is, if the data distribution has a fork at position ℓ, then qθ’s sampling distribution
preserves that property regardless of the remasking strategy, so that the sandwich bound (6)
also holds under Pπ,θ .

We are now ready to finally make a statement about how HPπ,θ (Jx0K | xt) varies with Tpos:
that is, how changing the position temperature affects the semantic entropy of our samples.

Corollary 1 (Semantic entropy increases with Tpos). If qθ preserves the fork structure at ℓ
(Assumption 2) and Tpos, T′pos are such that the gap in Proposition 1 satisfies

H̄PT′pos
(xℓ0 | xt)− H̄PTpos

(xℓ0 | xt) > ϵ + δ + γ(Tpos) + γ(T′pos) ,

where γ(τ) ≜
∣∣HPτ (xℓ0 | xt)− H̄Pτ (xℓ0 | xt)

∣∣, then

HPT′pos
(Jx0K | xt) > HPTpos

(Jx0K | xt).

Proof. Applying the sandwich bound (6) under PT′pos,θ and PTpos,θ respectively (which is
valid by Assumption 2), together with the definition of γ:

HPT′pos
(Jx0K | xt) ≥ HPT′pos

(xℓ0 | xt)− ϵ (sandwich under PT′pos
)

≥ H̄PT′pos
(xℓ0 | xt)− γ(T′pos)− ϵ (definition of γ(T′pos))

> H̄PTpos
(xℓ0 | xt) + γ(Tpos) + δ (by the hypothesis)

≥ HPTpos
(xℓ0 | xt) + δ (definition of γ(Tpos))

≥ HPTpos
(Jx0K | xt) (sandwich under PTpos )

as claimed.

C.3 Token temperature does not affect fork-token entropy under deterministic
remasking

As shown in Appendix B, the confidences ck
t do not depend on Ttoken as typically imple-

mented5 in confidence-based heuristics. One may speculate that allowing Ttoken to affect
the confidences and then increasing it would yield similar diversity gains to adjusting Tpos.
We here show that, under a strengthened version of the confidence-gap from Assumption 1,
this is provably not the case: the unmasking order under deterministic LC is invariant to
Ttoken regardless, so adjusting Ttoken does not help with preserving entropy at forks.

Proposition 2 (Token temperature invariance under deterministic LC). Let ℓ be a fork token
subject to an anchor-fork degeneracy (Assumption 1), and suppose sampling is performed using
deterministic low-confidence remasking at K = 1, with confidences taken post-tempering with Ttoken.
Suppose further that for all reachable states xt′ with ℓ ∈ Mt′ , every remaining anchor a ∈ A∩Mt′
is such that:

za
(1) − za

(i) ≥ zℓ(1) − zℓ(i) for all i ≥ 2, with at least one inequality strict

where zj
(1) ≥ zj

(2) ≥ · · · denotes the logit vector at position j sorted in descending order. Then all
anchors are revealed before ℓ regardless of Ttoken.

Proof. Under this version of deterministic LC, the unmasking order is determined by
arg maxj∈Mt cj

t(Ttoken), where cj(T) = maxv[softmax(zj/T)]v. It suffices to show that
ca(T) > cℓ(T) for all T > 0.

5See, e.g., the source code for LLaDA’s low-confidence remasking or Fast-dLLM’s reference imple-
mentation for confidence-thresholding.
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Let V = |V| and let z be any logit vector with sorted entries z(1) ≥ z(2) ≥ · · · ≥ z(V). Then

c(T) =
ez(1)/T

∑V
i=1 ez(i)/T =

1

1 + ∑V
i=2 e(z(i)−z(1))/T

.

By the assumption that za
(1) − za

(i) ≥ zℓ(1) − zℓ(i) for all i ≥ 2, we have za
(i) − za

(1) ≤ zℓ(i) − zℓ(1)

and hence e(z
a
(i)−za

(1))/T ≤ e(z
ℓ
(i)−zℓ

(1))/T for each i and all T > 0. Summing over i ≥ 2 and
using the assumption that at least one inequality is strict (which we note follows anyway
from the confidence-gap condition of Assumption 1), we have that:

ca(T) =
1

1 + ∑V
i=2 e(z

a
(i)−za

(1))/T
>

1

1 + ∑V
i=2 e(z

ℓ
(i)−zℓ

(1))/T
= cℓ(T).

The unmasking order is thus preserved for all T > 0, so all anchors are revealed before ℓ
regardless of Ttoken.

C.4 Autoregressive generation increases fork-token entropy

Finally, we observe that autoregressive (left-to-right) generation yields higher fork-token
entropy than deterministic low-confidence remasking, since it does not systematically defer
the fork.
Proposition 3 (Autoregressive generation improves fork-token entropy). Let ℓ be a fork token
subject to an anchor-fork degeneracy (Assumption 1) with respect to both LC and AR, and suppose
at least one anchor appears after ℓ in left-to-right order. Then

H̄PLC,θ (xℓ0 | xt) < H̄PAR,θ (xℓ0 | xt).

Proof. Under both strategies the remasking order is deterministic, so Rπ = {a ∈ A : T(a) <
T(ℓ)} is a fixed set for each. Under LC, the confidence gap ensures RLC = A. Under AR,
RAR = {a ∈ A : a < ℓ} ⊊ A by assumption. By the definition of H̄ (as in the proof of
Proposition 1),

H̄Pπ,θ (xℓ0 | xt) = ExTπ (ℓ)−1

[
Hqℓθ

(xℓ0 | xTπ(ℓ)−1)
]
= Hqℓθ

(xℓ0 | xt)− ∑
a∈Rπ

ηa ,

where the second equality applies condition 2 of Assumption 1, noting thatA \MTπ(ℓ)−1 =
Rπ . Since RAR ⊊ RLC = A and each ηa > 0, we thus conclude that

H̄PAR,θ (xℓ0 | xt) > H̄PLC,θ (xℓ0 | xt).
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C.5 Empirical validation of the formal model

Linear degradation of fork entropy. Here we conduct an experiment to empirically vali-
date Assumption 1. The core idea is this: since low-confidence (LC) sampling deterministi-
cally unmasks positions in order of their confidence, each token revealed by LC before a
fork is a potential anchor under Assumption 1, condition 1. By measuring whether the fork
token’s entropy decreases linearly as these anchors are revealed (Assumption 1, condition 2),
we can thus directly test whether the assumed mechanism holds.

Concretely, we first generate one completion per prompt for 100 random prompts per
dataset, using AR generation for simplicity. We then bin each position’s predictive entropy
at the time it was revealed, calculate the 99% quantile, and take positions exceeding that
quantile to be potential forks. We then run generation with LC remasking instead of AR,
starting with all positions before (i.e., to the left of) that token already revealed, and log how
the fork position’s entropy changes until it is selected for unmasking.

The results are shown in Figure 6, with one row of figures per dataset. Across all of the
datasets, we observe that anchor positions degrade the fork token’s entropy at a roughly
linear rate. As expected, the entropy does not degrade perfectly linearly, as stated in
Assumption 1; this assumption simply makes the math tractable. However, these results
suggest that our theoretical findings carry over to practical gains (as seen in our experiments)
via the claimed mechanism.

Semantic diversity of forks. Moreover, in order to verify that the positions actually corre-
spond to semantic forks, we also conduct a small experiment in which we use deterministic
LC generation with the fork position also revealed, set to each one of its top 5 most likely
values as predicted by the model. We then measure how many of the 5 completions per
fork are well-formed and semantically distinct from each other. The results are shown
in Figure 7. Across datasets, between 44% (GSM8K) and 79% (MATH) of these positions
produce two or more distinct semantic outcomes, far more than one would expect if these
were merely uncertain syntactic choices. The lower fraction for GSM8K is likely due to the
relative simplicity of the benchmark, causing high pass@1 (that is, high confidence in what
the answer should be).
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Figure 6: Empirical validation of Assumption 1. Left: Entropy degradation at potential fork
tokens as a function of how many potential anchors have been revealed, aggregated over
all forks and samples. Middle: Slopes of per-fork linear fits. Right: R2 correlation between
each fork’s entropy degradation and a linear fit on that fork’s data. In all cases, we see that
forks tend to decrease in entropy as their anchors are revealed. While different forks vary in
how much their entropies change (causing large error bars and lower R2 on the left), most
exhibit an internally nearly-linear relationship (the median per-fork R2 being ∼ 0.7 across
datasets in the rightmost plot), and almost all decrease in entropy (middle).
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Figure 7: Number of semantically distinct and well-formed outcomes when setting a fork
position from Figure 6 to each of its top 5 most likely values. Overall, a majority of the fork
positions produce ≥ 2 valid and semantically distinct outcomes, indicating that they play
an important role in determining the semantics of the outcome (rather than just syntax).
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D Additional figures

1 2 4 8 16 32 64

k

10

20

30

40

50

60

70

80

Pa
ss

@
k

(%
)

HumanEval — LLaDA-8B

Autoregressive
Low Confidence (Tpos = 0)

Random (Tpos = ∞)

TLC (Tpos = 2)

TLC (Tpos = 1)

TLC (Tpos = 0.5)

TLC (Tpos = 0.1)

Figure 8: TLC Tpos ablation on HumanEval with LLaDA-8B-Instruct at Ttoken = 0.8. Too
little tempering (Tpos = 0.1) remains close to low-confidence remasking, while too much
(Tpos = 2) approaches random remasking and degrades quality. Intermediate values
(Tpos ∈ {0.5, 1}) strike the best balance, matching or exceeding the autoregressive baseline
at high k.
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Figure 9: Varying Ttoken for LLaDA-8B-Instruct on HumanEval. Autoregressive generation
favors low temperatures, obtaining its best pass@64 at Ttoken = 0.6. Meanwhile, low-
confidence remasking scales very poorly at low token temperatures due to its greedy
position selection. TLC consistently shows strong scaling and most robustness to the exact
choice of Ttoken, matching or exceeding the best of autoregressive and low-confidence
remasking in pass@64 at all temperatures. Moreover, it exhibits stronger scaling compared
to low-confidence across all considered Ttoken, suggesting it achieves diversity through an
alternative mechanism.

25



Published as a conference paper at COLM 2026

1 2 4 8 16 32 64 96

k

60

70

80

90

100
Pa

ss
@

k
(%

)

GSM8K

Autoregressive
Fast-dLLM
TCT (Tpos = 0.1)

1 2 4 8 16 32 64 96

k

30

40

50

60

70

80

MATH

1 2 4 8 16 32 64 96

k

30

40

50

60

70

80

90

HumanEval

1 2 4 8 16 32 64 96

k

40

50

60

70

80

MBPP

0 2000 4000 6000

NFEs

60

70

80

90

100

Pa
ss

@
k

(%
)

0 2000 4000 6000

NFEs

30

40

50

60

70

80

0 1000 2000 3000 4000

NFEs

30

40

50

60

70

80

90

0 500 1000 1500 2000

NFEs

40

50

60

70

80

Figure 10: Pass@k (top) and pass@NFE (bottom) for TCT on Dream-7B-Instruct. Note that
both rows plot the same data, we just vary the x-axis measure (k vs NFEs). While TCT
slightly underperforms AR in pass@k, it outperforms AR when the cost of each rollout is
taken into account.
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Figure 11: Test-time scaling for LLaDA-8B-Instruct in terms of Best@k (top) and Best@NFE
(bottom) when using either self-consistency or an ORM for final answer selection. TCT
performs worse compared to AR at higher NFEs when using self-consistency; however,
when using an ORM, TCT improves the Pareto frontier compared to autoregressive rollouts.
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Figure 12: Mean empirical entropy of the per-question answer distributions (see Figure 13) as
a function of the group size k. TCT consistently yields higher-entropy answer distributions
than autoregressive and confidence thresholding, particularly on GSM8K.
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Figure 13: Per-question answer distributions over k = 64 samples for three GSM8K ques-
tions, comparing autoregressive, Fast-dLLM, and TCT sampling. Correct answers are
marked with an asterisk (*). We observe that TCT sometimes spreads mass across a wider
set of candidates (left). This illustrates the higher-entropy behavior observed in Figure 12:
TCT produces more diverse answers, which benefits pass@k and ORM-based selection but
can hurt majority voting when the correct answer no longer dominates the distribution.

Figure 14: Pass@k for TLC (Tpos = 1) on MBPP across dLLMs with different amounts of dif-
fusion training. LLaDA-8B was trained as a diffusion model from scratch on approximately
2.3T tokens, whereas Dream-7B, LLaDA-2-mini-16B, and SDAR-1.7B were initialized from
autoregressive models and subsequently diffusion-trained on approximately 580B, fewer
than 200B, and 50B tokens, respectively. The LLaDA-8B and Dream-7B panels reproduce
the MBPP results from Figure 2. TLC closely tracks autoregressive sampling on the more
extensively diffusion-trained LLaDA-8B and Dream-7B models, but leaves a larger gap on
LLaDA-2-mini-16B and especially SDAR-1.7B.
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Figure 15: Pass@k and pass@NFE for TCT on LLaDA-2-mini (Bie et al., 2025). In addition
to pass@k (Left) and pass@NFE (Middle), we here additionally report pass@wall-clock-
time (Right) to show that our proposed TCT has a negligible overhead in terms of latency
compared to Fast-dLLM.
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E Numerical results

Here we reproduce our main experimental results in a table format (with bootstrapped error
bars) for completeness.

E.1 TLC (Figure 2)

Table 1: Pass@k (%) with bootstrapped 95% confidence intervals (10,000 resamples over
questions/tasks, 64 samples per question, Ttoken = 0.8). Values are mean ± half-width
of the 95% CI. Best value per column within each dataset block in bold. Evaluation sets:
GSM8K 300 questions, MATH 500, HumanEval 164 tasks, MBPP 500.

k

Dataset Method 1 2 4 8 16 32 64

LLaDA-8B-Instruct

GSM8K

Autoregressive 75.9± 3.1 86.9± 2.7 92.7± 2.1 96.0± 1.7 97.8± 1.4 98.6± 1.2 99.0± 1.2

Low Confidence (Tpos = 0) 78.8± 3.2 87.3± 2.9 91.9± 2.5 94.6± 2.1 96.3± 1.9 97.2± 1.7 98.0± 1.5

Random (Tpos = ∞) 55.5± 2.9 73.8± 3.1 85.9± 2.8 92.4± 2.2 95.9± 1.7 97.9± 1.3 99.3± 0.8

TLC (Tpos = 1) 72.7± 3.0 85.7± 2.7 92.3± 2.2 95.8± 1.8 97.5± 1.5 98.4± 1.2 99.0± 1.2

MATH

Autoregressive 29.6± 3.0 39.2± 3.4 48.1± 3.7 56.5± 3.7 64.2± 3.6 70.9± 3.6 77.0± 3.8

Low Confidence (Tpos = 0) 34.1± 3.4 42.1± 3.6 49.5± 3.8 56.6± 3.8 63.1± 3.7 68.7± 3.7 73.4± 3.9

Random (Tpos = ∞) 20.4± 2.3 30.1± 2.9 40.1± 3.4 49.8± 3.6 59.1± 3.6 67.4± 3.7 74.6± 3.8

TLC (Tpos = 1) 28.4± 2.9 37.8± 3.4 46.6± 3.6 55.0± 3.7 62.6± 3.7 69.3± 3.7 75.2± 3.8

HumanEval

Autoregressive 26.8± 4.6 37.5± 5.7 47.5± 6.3 56.3± 6.3 64.0± 6.5 71.0± 6.2 76.8± 6.4

Low Confidence (Tpos = 0) 41.8± 6.8 47.5± 6.8 52.6± 6.9 57.5± 6.8 62.4± 6.8 67.2± 6.7 70.7± 7.0

Random (Tpos = ∞) 11.5± 2.9 18.2± 4.0 26.3± 5.2 35.0± 5.9 43.9± 6.5 52.7± 6.8 61.6± 7.3

TLC (Tpos = 1) 25.9± 4.7 36.3± 5.7 46.3± 6.3 55.4± 6.3 63.7± 6.5 70.8± 6.4 76.2± 6.7

MBPP

Autoregressive 30.3± 2.9 40.3± 3.4 49.4± 3.6 57.7± 3.7 65.2± 3.6 71.8± 3.6 76.8± 3.7

Low Confidence (Tpos = 0) 39.1± 3.7 45.5± 3.9 50.8± 4.0 55.4± 3.9 59.5± 4.0 63.6± 4.0 67.4± 4.1

Random (Tpos = ∞) 14.9± 1.9 23.1± 2.5 32.6± 3.1 42.5± 3.5 52.0± 3.8 60.3± 3.9 67.2± 4.1

TLC (Tpos = 1) 28.7± 2.7 39.4± 3.3 49.2± 3.6 57.7± 3.7 64.9± 3.6 71.1± 3.6 76.6± 3.7

Dream-v0-Instruct-7B

GSM8K

Autoregressive 64.6± 3.3 79.2± 2.9 89.5± 2.2 95.5± 1.6 98.1± 1.1 99.2± 0.8 99.7± 0.5

Low Confidence (Tpos = 0) 80.6± 3.1 88.7± 2.8 92.9± 2.4 95.3± 2.1 96.6± 1.8 97.3± 1.8 97.7± 1.8

Random (Tpos = ∞) 41.0± 2.5 60.6± 3.0 77.8± 3.0 88.8± 2.5 94.4± 2.0 97.0± 1.6 98.3± 1.5

TLC (Tpos = 1) 66.7± 2.8 82.9± 2.6 92.0± 2.1 96.2± 1.7 97.9± 1.3 98.7± 1.1 99.3± 0.8

MATH

Autoregressive 34.3± 2.9 45.9± 3.3 56.0± 3.6 64.7± 3.6 71.8± 3.4 77.3± 3.4 81.4± 3.4

Low Confidence (Tpos = 0) 42.3± 3.3 52.2± 3.5 60.6± 3.7 67.9± 3.6 73.8± 3.4 78.3± 3.3 81.8± 3.5

Random (Tpos = ∞) 16.0± 1.8 25.6± 2.5 37.0± 3.1 48.6± 3.4 59.2± 3.5 68.1± 3.7 75.4± 3.8

TLC (Tpos = 1) 29.4± 2.7 41.1± 3.2 52.2± 3.5 61.9± 3.5 70.2± 3.4 77.0± 3.3 82.2± 3.3

HumanEval

Autoregressive 43.6± 4.6 59.5± 5.3 72.0± 5.4 80.4± 4.9 86.2± 4.6 90.0± 4.2 92.7± 4.0

Low Confidence (Tpos = 0) 57.0± 6.3 64.9± 6.2 71.2± 6.0 76.3± 5.8 80.5± 5.5 84.0± 5.2 87.2± 5.2

Random (Tpos = ∞) 12.4± 2.5 20.7± 3.8 31.4± 5.0 43.2± 5.7 55.0± 6.1 66.0± 6.4 74.4± 6.7

TLC (Tpos = 1) 32.8± 4.4 46.9± 5.4 60.0± 5.7 70.6± 5.6 78.6± 5.5 84.2± 5.1 87.2± 5.2

MBPP

Autoregressive 46.8± 3.2 58.6± 3.4 67.5± 3.4 74.3± 3.3 79.9± 3.1 84.4± 3.0 87.6± 2.9

Low Confidence (Tpos = 0) 54.9± 3.8 60.9± 3.8 66.0± 3.7 70.4± 3.7 74.0± 3.5 77.3± 3.5 80.4± 3.6

Random (Tpos = ∞) 21.8± 2.2 32.8± 2.8 44.7± 3.3 55.7± 3.5 64.8± 3.6 72.2± 3.5 78.2± 3.7

TLC (Tpos = 1) 40.6± 3.0 53.1± 3.3 63.6± 3.4 71.8± 3.3 78.4± 3.1 83.6± 3.0 87.8± 2.9
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E.2 TCT (Figure 3 & Figure 10)

Table 2: Pass@k (%) for LLaDA-8B-Instruct with bootstrapped 95% confidence intervals
(10,000 resamples over questions/tasks, Ttoken = 0.8, λ = 0.6). Values are mean ± half-
width of the 95% CI. Evaluation sets: GSM8K 300 questions, MATH 500, HumanEval
164 tasks, MBPP 500. NFE is the average number of function evaluations per sample;
for Autoregressive it is the effective generation length (tokens up to EOS), matching the
pass@NFE axis of the figures.

k

Dataset Method NFE 1 2 4 8 16 32 64 96

GSM8K
Autoregressive 228 75.8± 3.1 86.7± 2.7 92.6± 2.1 96.0± 1.6 97.8± 1.3 98.8± 1.0 – –
Fast-dLLM 46 73.9± 3.1 85.5± 2.9 91.2± 2.5 94.1± 2.2 96.0± 1.9 97.1± 1.7 97.5± 1.7 97.7± 1.7

TCT (Tpos = 0.1) 44 65.7± 2.9 81.7± 2.9 90.2± 2.4 94.5± 2.0 96.7± 1.7 97.8± 1.5 98.2± 1.5 98.3± 1.5

MATH
Autoregressive 243 29.6± 3.0 39.2± 3.4 48.1± 3.6 56.3± 3.7 64.0± 3.6 70.8± 3.5 – –
Fast-dLLM 61 30.3± 3.1 39.0± 3.6 46.4± 3.8 53.4± 3.8 60.1± 3.8 66.0± 3.8 70.6± 3.9 72.6± 3.9

TCT (Tpos = 0.1) 58 25.3± 2.7 35.4± 3.3 44.5± 3.6 53.0± 3.7 60.8± 3.7 67.7± 3.7 73.5± 3.7 76.6± 3.7

HumanEval
Autoregressive 241 26.8± 4.5 37.8± 5.7 47.9± 6.2 56.8± 6.3 64.6± 6.2 71.3± 6.1 – –
Fast-dLLM 69 34.7± 6.2 41.3± 6.7 47.0± 6.9 52.3± 7.0 57.1± 7.0 61.1± 7.1 64.2± 7.2 65.9± 7.0

TCT (Tpos = 0.1) 62 24.0± 4.6 33.4± 5.7 42.2± 6.4 49.8± 6.7 56.4± 6.6 62.7± 6.6 69.2± 6.5 73.8± 6.7

MBPP
Autoregressive 139 30.2± 2.9 40.2± 3.3 49.3± 3.5 57.6± 3.6 65.1± 3.6 71.6± 3.5 – –
Fast-dLLM 46 34.9± 3.4 42.4± 3.8 48.4± 3.9 53.1± 4.0 57.3± 4.0 61.3± 4.0 65.0± 4.1 66.8± 4.1

TCT (Tpos = 0.1) 43 26.0± 2.6 36.5± 3.3 46.0± 3.6 53.9± 3.8 60.7± 3.8 66.8± 3.7 72.5± 3.7 75.4± 3.8

Table 3: Pass@k (%) for Dream-v0-Instruct-7B with bootstrapped 95% confidence intervals
(10,000 resamples over questions/tasks, Ttoken = 0.8, λ = 0.6). Values are mean ± half-
width of the 95% CI. Fast-dLLM and TCT use 96 samples per question; Autoregressive
uses 64–128 (dataset-dependent) and is reported to k ≤ 32. Evaluation sets: GSM8K 300
questions, MATH 500, HumanEval 164 tasks, MBPP 500. NFE is the average number of
function evaluations per sample; for Autoregressive it is the effective generation length
(tokens up to EOS), matching the pass@NFE axis of the figures.

k

Dataset Method NFE 1 2 4 8 16 32 64 96

GSM8K
Autoregressive 200 64.6± 3.3 79.1± 2.8 89.4± 2.2 95.2± 1.6 97.8± 1.1 99.0± 0.8 – –
Fast-dLLM 55 69.0± 3.0 83.3± 2.8 90.9± 2.4 94.5± 2.1 96.3± 1.8 97.3± 1.7 97.8± 1.6 98.0± 1.5

TCT (Tpos = 0.1) 51 58.2± 2.7 77.1± 2.7 89.2± 2.2 95.0± 1.7 97.6± 1.3 98.6± 1.1 99.1± 1.0 99.3± 0.8

MATH
Autoregressive 223 34.3± 2.9 45.9± 3.4 56.0± 3.6 64.7± 3.6 71.8± 3.5 77.3± 3.4 – –
Fast-dLLM 66 36.4± 3.1 47.6± 3.5 57.2± 3.6 65.3± 3.6 71.9± 3.5 77.1± 3.4 80.7± 3.3 82.2± 3.3

TCT (Tpos = 0.1) 62 28.6± 2.5 41.0± 3.2 52.4± 3.5 61.9± 3.6 69.6± 3.5 75.7± 3.4 80.4± 3.3 82.6± 3.3

HumanEval
Autoregressive 135 43.6± 4.6 59.6± 5.3 72.0± 5.3 80.4± 5.0 86.0± 4.6 89.5± 4.2 – –
Fast-dLLM 42 44.4± 5.8 54.8± 6.1 63.6± 6.1 71.0± 5.9 76.7± 5.8 80.8± 5.6 84.0± 5.4 86.0± 5.2

TCT (Tpos = 0.1) 39 29.9± 4.2 43.4± 5.2 56.7± 5.7 67.8± 5.7 76.6± 5.3 83.3± 5.0 87.5± 4.8 89.0± 4.6

MBPP
Autoregressive 69 46.8± 3.2 58.6± 3.4 67.5± 3.4 74.3± 3.2 79.9± 3.1 84.4± 2.9 – –
Fast-dLLM 22 46.3± 3.6 54.0± 3.7 60.6± 3.7 66.5± 3.7 71.9± 3.5 76.5± 3.4 80.1± 3.3 81.8± 3.4

TCT (Tpos = 0.1) 23 33.5± 2.7 46.4± 3.3 57.5± 3.5 66.1± 3.5 72.9± 3.4 78.6± 3.2 83.4± 3.1 85.8± 3.1

30


	Introduction
	Background
	From masked diffusion models to diffusion language models
	Remasking strategies and sampling from dLLMs
	Sample diversity and the role of remasking

	Methods
	Fork tokens and the anchor-fork degeneracy
	Tempered remasking heuristics

	Experiments
	Tempered heuristics recover pass@k scaling
	TCT for test-time compute
	TCT for GRPO rollouts

	Related work
	Conclusion
	Extended related work
	Algorithms
	Formal statements and proofs
	A pairwise anchor-fork ordering bound
	Increasing Tpos increases fork-token entropy
	Token temperature does not affect fork-token entropy under deterministic remasking
	Autoregressive generation increases fork-token entropy
	Empirical validation of the formal model

	Additional figures
	Numerical results
	TLC (fig:lladatclallds)
	TCT (fig:lladatctallds & fig:dreamtctallds) 


