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Abstract

Diffusion Language Models (DLMs) offer
order-agnostic generation that can explore
many possible decoding trajectories. How-
ever, current decoding methods commit to a
single trajectory, limiting exploration in trajec-
tory space. We introduce Order-Token Search
to explore this space through jointly searching
over generation order and token values. Its
core is a likelihood estimator that scores denois-
ing actions, enabling stable pruning and effi-
cient exploration of diverse trajectories. Across
mathematical reasoning and coding bench-
marks, Order-Token Search consistently outper-
forms baselines on GSM8K, MATH500, Count-
down, and HumanEval (3.1%, 3.8%, 7.9%, and
6.8% absolute over backbone), reaching accu-
racy comparable to diffu-GRPO post-training.
Our work establishes joint search as a key com-
ponent for advancing decoding in DLMs.

1 Introduction

Diffusion Language Models (DLMs) have emerged
as a promising alternative to autoregressive mod-
els for sequence generation. In particular, Masked
Diffusion Models (MDMs) (Sahoo et al., 2024; Shi
et al., 2024) train on a core objective: learning
to reconstruct clean text by denoising sequences
corrupted with random masks at varying rates. At
inference, generation starts from a fully masked
sequence and proceeds over denoising steps: the
model predicts token distributions for all posi-
tions, samples tokens for masked positions, and
re-masks a subset of tokens to construct the next
input. One key opportunity is that MDMs enable
order-agnostic decoding: they revise positions in
parallel, allowing adaptive generation orders rather
than left-to-right. This flexibility makes choosing
generation order a central design for decoding.

However, current decoding methods produce
only a single trajectory per run. In MDMs, com-
mon decoders follow heuristic remasking rules that

effectively determine the trajectory, which posi-
tions to update at each step and with what tokens.
For instance, random remasking mirrors the train-
ing corruption by repeatedly masking a random
subset of tokens, whereas low-confidence remask-
ing greedily fixes high-confidence tokens and only
revises uncertain ones (Nie et al., 2025b; Kim et al.,
2025a). As illustrated in Figure 1(a)(b), because
these heuristics neither branch over alternative gen-
eration orders nor maintain competing intermediate
states, a single run can easily miss the specific or-
der–token trajectory needed for a correct solution.

Empirically, existing methods occupy opposite
ends of an exploration–exploitation trade-off. The
pass@k metric captures the probability that at least
one of k samples is correct. Low-confidence re-
masking exploits by committing early to high-
confidence tokens and restricting decoding to a
narrow set of trajectories, which boosts pass@1 but
leads to slow pass@k growth as k increases. In con-
trast, random remasking explores a broader set of
trajectories and attains higher pass@k, but achieves
weak pass@1 because it cannot reliably select good
ones. Thus, prior methods either over-exploit or
explore blindly, leaving much of the model’s multi-
trajectory potential unrealized. We address this
with explicit trajectory search and pruning.

Here we propose Order-Token Search, a de-
coding algorithm that performs search in the joint
space of generation orders and token values. As
shown in Figure 1(c), Order-Token Search main-
tains beams of partially denoised states and pe-
riodically expands each beam by proposing mul-
tiple denoising actions, then prunes using a sta-
ble likelihood estimator that reliably scores partial
trajectories. Across mathematical reasoning and
coding benchmarks, Order-Token Search consis-
tently improves pass@1 over prior best decoding,
reaching accuracy comparable to diffu-GRPO post-
training (Zhao et al., 2025) (e.g., +3.1/3.8/7.9/6.8%
absolute over low-confidence remasking on
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Figure 1: Why heuristic remasking fails, and how Order-Token Search helps. (a) Low-confidence remasking
greedily fixes high-confidence tokens and revises low-confidence positions, which narrows the set of decoding
trajectories and can get stuck in an incorrect completion. (b) Random remasking uniformly samples different
remasking patterns, producing more distinct trajectories (different orders and token assignments), but offers no
principles to select the correct trajectory among competing candidates. (c) Order-Token Search maintains beams
of partial trajectories, periodically expands each trajectory by proposing denoising actions that change both which
position to update (order) and what token to write (token), and then prunes partial trajectories using a likelihood
estimator to filter incorrect and suboptimal candidates before continuing decoding. (d) MATH500 accuracy plot
(example dataset) illustrating Order-Token Search’s advantage over low-confidence and random remasking.

GSM8K/MATH500/Countdown/HumanEval). Fig-
ure 1(d) illustrates the gains on MATH500: Order-
Token Search consistently outperforms both low-
confidence and random remasking.

Our contributions are threefold: (1) We iden-
tify an exploration–exploitation trade-off in MDM
decoding through pass@k: low-confidence remask-
ing over-exploits, improving pass@1 but suppress-
ing pass@k, while random remasking blindly ex-
plores, boosting pass@k but degrading pass@1
(Section 3). (2) We propose Order-Token Search, a
decoding algorithm that searches in the joint space
of generation orders and token values and stably
prunes partial trajectories with a likelihood esti-
mator (Section 4). (3) We demonstrate consistent
gains across mathematical reasoning and coding
benchmarks, reaching improvements typically ob-
tained from post-training (Section 5).

2 Background

In this section, we review fundamentals of Masked
Diffusion Models, formalize key concepts for re-
masking strategies, and define our evaluation met-
rics for the exploration trade-off.

2.1 Discrete Diffusion Models

Diffusion Language Models extend discrete diffu-
sion modeling to text, and recent large-scale train-
ing has made them competitive with autoregres-
sive models (Nie et al., 2025b; Ye et al., 2025).
Concretely, discrete diffusion models adapt the
forward diffusion process and the reverse denois-
ing process (Sohl-Dickstein et al., 2015; Ho et al.,
2020; Song and Ermon, 2019; Song et al., 2021)
to discrete data by establishing the diffusion pro-
cess over a discrete domain x ∈ X , where x is
a one-hot vector denoting tokens from a vocabu-
lary of size |X | (Austin et al., 2021a). Given a
prior π, the forward process q incrementally cor-
rupts the original data x0 into a target prior distribu-
tion Cat(·;π). Over continuous time t ∈ [0, 1], it
forms a sequence of increasingly noisy latent vari-
ables xt, through the conditional marginal distri-
bution q(xt | x0) = Cat (xt;αtx0 + (1− αt)π).
Here, αt is a monotonically decreasing noise sched-
ule that satisfies boundary conditions α0 = 1 and
α1 = 0. Furthermore, we can achieve the transi-
tion probability between any two intermediate time
points 0 < s < t < 1 through q(xt | xs,x0) =
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Cat (xt;αt/αsxs + (1− αt/αs)π).
Masked Diffusion Model (MDM), a specific in-

stance of this framework, utilizes the prior π = m
to achieve absorbing-state diffusion, a particularly
suitable setting for language modeling (Sahoo et al.,
2024; Shi et al., 2024; Lou et al., 2024). Here, m is
a one-hot vector corresponding to a special MASK
token. Defining s as the time step immediately
preceding t, the posterior distribution simplifies to:

q(xs | xt,x0) =

{︄
Cat(xs;xt), xt ̸= m

Cat
(︂
xs;

αs−αt
1−αt

x0 +
1−αs
1−αt

m
)︂
, xt = m

(1)
The reverse (denoising) process is modeled by
pθ(xs | xt) = q(xs | xt,xθ(xt)), where pθ is
a parameterized distribution that reverses q, and
xθ(xt) denotes a neural network trained to predict
the original clean data x0 from its noisy version
xt. This network is optimized by minimizing the
negative evidence lower bound, thereby learning to
approximate the true posterior distribution.

2.2 Remasking Strategies in MDM

MDM decoding starts from a fully masked se-
quence, x1 = (MASK, . . . ,MASK). The model
then iteratively refines this sequence over steps. At
each step, the model predicts logits for all currently
masked positions. The critical action in this reverse
process is the transfer of a prediction—that is, the
act of replacing a selected MASK token with its
predicted value, thereby committing to that predic-
tion for subsequent steps. The rule that determines
which masked token to transfer next is known as the
remasking strategy, and it defines the decoding
order. We focus on three primary strategies:

Random Remasking. The strategy used dur-
ing training. The position to unmask is chosen
uniformly at random from the set of all remain-
ing masked positions. This is a baseline that en-
sures unbiased, order-agnostic generation. Low-
Confidence Remasking. A common inference-
time strategy. The position with the highest confi-
dence score is unmasked next; the positions with
lower scores are remasked. Formally, at each
step, the model computes a confidence score for
position i as the predicted probability assigned
to the currently sampled token at that position
si = pθ(· | xt)i. The position with the maximum
score si is unmasked. The intuition is to resolve the
position where the model has the greatest certainty
first, potentially mitigating error propagation (Nie
et al., 2025b; Kim et al., 2025a). Autoregressive

(AR). We force the MDM to keep the leftmost pre-
dicted token and remask all following tokens. This
baseline decouples the effect of generation order
and examines the effect of diverse token sampling.

2.3 Metrics for Exploration Trade-off

Evaluating the trade-off between exploration and
exploitation requires metrics that capture both de-
terministic performance and the model’s inherent
capability. We use the following metrics estab-
lished in prior work (Yue et al., 2025): Accuracy
(pass@1), the probability that a single generated
sample is correct. This metric evaluates one-trial
performance and represents the expected accuracy
in a non-deterministic setup. pass@k, the prob-
ability that at least one sample out of k indepen-
dent generations is correct. This metric estimates
the model’s inherent capability to solve a problem
given sufficient sampling budget. For a problem
with n generated samples of which c are correct, it
is estimated as: pass@k ≈ 1−

(︁
n−c
k

)︁
/
(︁
n
k

)︁
.

The gap between pass@1 and pass@k measures
how much a decoding method benefits from sam-
pling. If pass@1 is strong but pass@k increases
slowly with k, the generated samples are highly
correlated, indicating conservative decoding that
commits early and explores few distinct trajecto-
ries. Conversely, if pass@1 is weak but pass@k
rises quickly with k, the model can reach correct
solutions under sampling, but the decoding method
cannot reliably select them. Our goal is to translate
this sampling-driven capability into higher pass@1
by explicitly exploring and pruning in the joint
space of generation orders and token choices.

3 Trade-off in Decoding Methods

We study the exploration–exploitation trade-off in
MDM decoding by asking how trajectory diversity
affects problem-solving performance. We compare
three representative methods: low-confidence re-
masking (low diversity), random remasking (high
diversity in generation order), and autoregressive
decoding (high diversity in token selections). This
comparison is particularly valuable because MDMs
offer unique flexibility in generation order com-
pared to autoregressive models, yet optimal strate-
gies for leveraging this flexibility remain unclear.

Low-confidence remasking: stronger pass@1,
weaker pass@k growth. Using LLaDA mod-
els (Nie et al., 2025b; Zhu et al., 2026), Fig-
ure 2 reports pass@1 and pass@k on math
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Figure 2: Standard MDM decoders reveal an exploration–exploitation trade-off. Empirical pass@k curves for
LLaDA-8B-Instruct and LLaDA-1.5 on math and coding benchmarks. Low-confidence remasking often achieves
higher pass@1 by exploiting local token confidence, but its pass@k grows slowly with k, indicating limited
coverage from a narrow set of trajectories. In contrast, random remasking (order diversity) and AR decoding (token
diversity) typically start with lower pass@1 yet reach higher pass@k by k = 256, reflecting broader solution-space
coverage through more diverse trajectories. We use pass@k here only as a diagnostic of latent multi-trajectory
potential; the goal is to convert this potential into improved pass@1 via structured exploration and selection.

(GSM8K, MATH500) and coding (HumanEval,
MBPP (Austin et al., 2021b)) benchmarks. Across
8 dataset–model settings, low-confidence remask-
ing achieves the best pass@1 in 4 and the second-
best in 3. This supports the intuition that fill-
ing high-confidence tokens provides stable context
within a single trajectory. However, its pass@k
grows much more slowly as k increases, suggesting
that it over-exploits local confidence and collapses
to a narrow set of trajectories.

Exploratory decoding: lower pass@1, higher
pass@k. Random remasking and left-to-right AR
decoding usually begin with lower pass@1, but
their pass@k increases much faster and eventually
surpasses low-confidence remasking in most set-
tings. For example, on MATH500 at pass@256,
random remasking and AR reach about 0.8, while
low-confidence remasking remains near 0.4. This
indicates that diversity helps uncover correct so-
lutions missed by a single committed trajectory.
That diversity can come from either varying gener-
ation orders by random remasking or varying token
choices under AR. We also find that AR performs
best on math, achieving the highest pass@1 and
pass@k on GSM8K and MATH500, possibly be-
cause these tasks align better with left-to-right rea-
soning. This advantage does not carry over to cod-
ing: on HumanEval, AR has the lowest pass@1.

Summary and implication. Standard decoding
methods expose a clear exploration–exploitation
trade-off in MDMs. Low-confidence decoding
improves pass@1 by exploiting local confidence,
but narrows trajectory diversity and misses alter-
native valid solutions. More exploratory methods
reveal broader solution-space coverage, but with
lower per-sample reliability. Additional diversity
measurements corroborate this trade-off; see Ap-
pendix A.11. We use pass@k as a diagnostic of
exploratory potential, and the key challenge is how
to turn that potential into better pass@1.

4 Method: Order-Token Search

Section 3 suggests that improving pass@1 requires
turning trajectory diversity into a reliable single out-
put. To this end, we introduce Order-Token Search,
a novel algorithm inspired by beam search but tai-
lored to the parallel, order-agnostic dynamics of
MDMs. Order-Token Search searches jointly over
generation order and token choices, and uses the
model’s likelihood prediction to score partial trajec-
tories and stably prune unpromising ones. This sec-
tion describes its two components: search and prun-
ing. Full pseudocode is deferred to Appendix A.1.
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Figure 3: Illustration of pruning in Order-Token Search for DLMs. At one search step, we have two fully denoised
candidates (left), where yellow tokens were revealed earlier. We mask the current block (middle three tokens),
feed each masked candidate into the DLM, and obtain token probabilities for the masked positions. The score
is the chain-rule product of these probabilities, which is used to prune the lower-likelihood candidate.

4.1 Search Process
Order-Token Search maintains a beam of K par-
tially denoised candidates, initialized as K copies
of x1 = [c;MASKL], where c is the prompt and
MASKL denotes L mask tokens. Unlike single-
trajectory decoding, Order-Token Search branches
over both uncertainties in DLM generation: which
tokens to write and when/where to write them.

At each user-specified interval (s, t), every beam
is expanded for several denoising steps. The MDM
predicts distributions over masked positions, from
which the algorithm samples multiple denoising ac-
tions, corresponding to different revealed positions
and token assignments. Each action produces a
new partial candidate, creating multiple trajectories
from the same prefix. Pruning then keeps only the
top-K candidates according to Section 4.2.

To control cost, we use block diffusion (Ar-
riola et al., 2025; Nie et al., 2025b). Instead of
branching at every denoising step, we branch only
at block boundaries and denoise within each block
independently. This reduces the number of search
decisions from the number of denoising steps |T |
to the number of blocks |B|, lowering the overhead
from O(K|T |) to O(K|B|) while still maintain-
ing substantial diversity in both token ordering and
values. After all blocks are processed, we return
the highest-scoring candidate. Computational com-
plexity details are given in Appendix A.3.

4.2 Pruning Process
The effectiveness of Order-Token Search depends
on a pruning score that can reliably compare par-
tially denoised candidates with different token
choices and generation orders. A natural option
is the standard MDM likelihood of reconstructing
the full clean sequence from the current noisy state.

In practice, however, this score is high-variance
and unstable: when many tokens remain masked,
the model is evaluated on a difficult global infilling
problem that is mismatched with the small-step de-
noising behavior it learns best (Kim et al., 2025a).

Scoring incremental denoising actions. In-
stead of using a monolithic full-sequence likeli-
hood at an intermediate state, we score the denois-
ing actions that produced it. For a transition from
a more corrupted state xt to a less corrupted state
xs with 0 ≤ s < t ≤ 1, let x0 ∼ pθ(· | xt) be a
sample from the parametrized posterior. We define

∆(s, t) = {i | xt,i = MASK ∩ xs,i ̸= MASK},
x̃0 = mask(x0,∆(s, t))

(2)
Here, ∆(s, t) contains the positions newly revealed
during this search interval, and x̃0 is obtained by
re-masking those positions in x0 while retaining
the model-predicted context elsewhere. We then
score only the re-masked positions:

s(xt;xs) = Ex0

[︂
log pθ

(︂
x
∆(s,t)
0 | x̃0

)︂]︂
(3)

Intuitively, s(xt;xs) measures how confidently the
model can re-predict the tokens newly revealed, us-
ing the surrounding context from its own prediction
x0. Figure 3 illustrates this block-level score.

Trajectory-level score for pruning. We as-
sign each candidate a cumulative score over
all branching intervals I: S(candidate) =∑︁

(s,t)∈I s(xt;xs). Because each term scores only
a few denoising steps, it is lower-variance and more
comparable across candidates than full-sequence
likelihood, which can over-penalize intermediate
states for being “globally hard” when many masks
remain. Candidates that repeatedly make model-
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Table 1: Model Performance on Math and Coding Benchmarks. We report accuracy across four benchmarks
and multiple generation lengths for two base models (LLaDA and LLaDA-1.5). Bolded values indicate the best
performance; underlined values indicate the second best. diffu-GRPO is post-training applied to LLaDA only; we
report available lengths. Order-Token Search achieves the highest average accuracy for both base models and attains
best dataset-level averages on MATH500, Countdown, and HumanEval, while remaining competitive on GSM8K.

GSM8K MATH500 Countdown HumanEval Average

Method / Seq Len 64 128 256 512 Avg 64 128 256 512 Avg 64 128 256 512 Avg 64 128 256 512 Avg

LLaDA Low-confidence 44.3 68.7 76.7 78.2 67.0 21.2 26.0 32.4 36.2 29.0 25.8 20.7 19.5 16.0 20.5 10.4 18.9 26.2 26.8 20.6 34.3
Low-conf + MV 46.4 72.5 80.9 83.1 70.7 20.2 27.4 35.0 36.2 29.7 22.7 23.8 18.4 18.0 20.7 11.6 18.9 26.2 26.8 20.9 35.5
Random remasking 33.4 56.5 63.6 63.1 54.2 14.7 20.6 23.7 22.8 20.5 8.0 13.3 10.9 11.7 11.0 12.3 19.3 27.0 25.9 21.1 26.7
Random + MV 43.1 70.7 80.2 80.3 68.6 17.2 26.2 31.8 31.8 26.8 6.3 15.2 14.1 15.2 12.7 15.9 17.1 29.9 28.1 22.7 32.7
AR 34.0 62.7 75.7 76.9 62.3 18.8 23.4 27.4 34.4 26.0 10.6 12.9 13.3 14.1 12.7 10.4 20.1 29.9 31.7 23.0 31.0
AR + MV 41.0 69.1 81.7 86.4 69.6 17.4 23.0 32.2 39.9 28.1 10.2 13.3 11.3 13.7 12.1 9.8 20.1 29.9 31.7 22.9 33.2
AR + beam-search 40.3 70.4 81.1 82.9 68.7 22.2 26.6 35.4 39.8 31.0 18.4 23.1 21.5 21.9 21.2 15.9 22.6 36.0 34.8 27.3 37.1
diffu-GRPO - 72.6 79.8 81.9 - - 33.2 37.2 39.2 - - 33.2 31.3 37.1 - - 29.3 39.0 34.8 - -
Order-Token Search 45.6 71.6 79.8 83.3 70.1 22.4 30.4 36.0 42.4 32.8 27.7 34.4 26.2 25.4 28.4 15.2 23.2 34.2 37.2 27.4 39.7

LLaDA-1.5 Low-confidence 44.2 69.6 77.5 79.4 67.7 20.2 26.4 32.5 36.2 28.8 19.8 19.7 17.9 21.8 19.8 11.0 15.9 31.1 28.7 21.7 34.5
Low-conf + MV 49.1 74.4 84.1 84.2 73.0 21.2 30.0 34.8 39.3 31.3 20.7 23.8 20.3 25.4 22.5 11.6 16.5 31.1 28.7 22.0 37.2
Random remasking 45.0 60.6 65.6 66.9 59.5 19.6 21.1 27.9 28.8 24.4 8.5 11.8 10.1 11.4 10.5 11.8 17.6 26.8 26.5 20.7 28.8
Random + MV 47.7 74.8 81.2 82.8 71.6 22.4 26.2 31.0 30.4 27.5 5.5 16.4 9.0 14.5 11.4 13.4 15.9 29.9 27.4 21.7 33.1
AR 37.5 67.7 77.3 79.1 65.4 17.2 23.5 31.2 35.0 26.7 12.3 15.2 14.5 15.7 14.4 13.4 22.7 30.5 30.5 24.2 32.7
AR + MV 40.7 72.9 83.8 84.2 70.4 18.4 26.4 33.6 37.9 29.1 12.5 17.2 14.8 16.0 15.1 12.8 22.6 30.5 30.5 24.1 34.7
AR + beam-search 45.1 73.2 82.0 84.9 71.3 19.0 26.4 35.2 38.8 29.9 14.8 21.1 16.0 20.3 18.1 12.2 20.7 32.8 33.8 24.9 36.1
Order-Token Search 48.4 74.5 81.7 84.0 72.2 24.4 30.8 37.4 42.4 33.8 27.7 31.3 23.8 29.3 28.0 15.2 22.6 36.0 36.6 27.6 40.4

supported decisions accumulate higher scores,
while unlikely trajectories are pruned early.

Order-Token Search alternates search and prun-
ing to turn trajectory diversity into improved
pass@1. Search explores diverse order-token
trajectories, and pruning keeps the most model-
consistent candidates using a trajectory-level score
over incremental denoising actions. Under a fixed
inference-time budget, this enables broader explo-
ration and more reliable selection.

5 Experiments

We evaluate Order-Token Search (OTS) on three
questions: (1) Does it improve DLM decoding ac-
curacy over strong baselines across diverse tasks?
(2) Is the dedicated OTS likelihood estimator im-
portant for pruning? (3) How does OTS scale with
test-time compute (NFE)?

5.1 Experimental Setup

Baselines. We compare Order-Token Search (OTS)
against several strong baselines: Low-confidence
remasking, a greedy decoding method adopted
as an optimal base model configuration in Zhao
et al. (2025). Random remasking, an exploratory
decoding method that re-masks uniformly at ran-
dom. Random remasking with majority voting,
which generates a compute-equivalent set of di-
verse samples via random remasking and selects
answers using a consistency heuristic (Wang et al.,
2023). Low-confidence with majority voting,
which combines the greedy decoding with the con-
sistency heuristic mentioned above. AR, which

follows the left-to-right autoregressive order in gen-
eration. AR with majority voting and AR with
beam search, which strengthen the AR baseline
with, respectively, a consistency heuristic and a
search based on OTS likelihood estimator. For
pruning ablations, we also compare alternative like-
lihood estimators: OTS All Blocks, which scores
each expansion by the joint log-likelihood of all
blocks revealed so far; OTS Future Blocks, which
scores the newly-revealed blocks while masking all
unrevealed future blocks (see Appendix A.2).

Model and Tasks. Our primary testbed is
LLaDA-8B-Instruct (Nie et al., 2025b), a state-
of-the-art open-source diffusion language model.
Since it has not undergone post-training with meth-
ods like diffu-GRPO (Zhao et al., 2025), it of-
fers a clean baseline for isolating the performance
improvements attributable to our inference-time
algorithm. We additionally evaluate LLaDA-
1.5 (Zhu et al., 2026), an RL post-trained vari-
ant of LLaDA, to verify that our conclusions
hold even after reinforcement-learning-based post-
training. We further evaluate on Dream7B (Ye
et al., 2025) to test whether our conclusions hold be-
yond the LLaDA family; results are reported in Ap-
pendix A.12. For tasks, we evaluate on three math-
ematical reasoning and one coding benchmarks.
GSM8K (Cobbe et al., 2021) contains ∼1.32k
grade school math problems requiring multi-step
reasoning. MATH500 (Lightman et al., 2024) is a
challenging subset of 500 high-school competition-
level problems from the MATH (Hendrycks et al.,
2021) dataset. Countdown (Pan et al., 2025) is a
combinatorial arithmetic game where the goal is to
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reach a target number using basic operations on a
given set. HumanEval (Chen et al., 2021) is a code
generation benchmark of 164 hand-written Python
programming tasks, where models must synthesize
a function from a docstring and pass unit tests.

5.2 Order-Token Search Improves Decoding
Overall performance: Order-Token Search is
the strongest decoding method across bench-
marks. Table 1 shows that, on both LLaDA and
LLaDA-1.5, Order-Token Search achieves the high-
est overall average accuracy over the strongest
baseline from 37.1% to 39.7% on LLaDA and
from 37.2% to 40.4% on LLaDA-1.5. It also at-
tains the best dataset-level averages on MATH500,
Countdown, and HumanEval. On GSM8K, multi-
trajectory baselines such as majority voting and
AR beam search outperform Order-Token Search
at some sequence lengths, likely reflecting limited
headroom: these methods already perform strongly
there, and the pass@k results show AR is particu-
larly effective on GSM8K. Notably, Order-Token
Search also outperforms expensive post-training ap-
proaches such as diffu-GRPO (Zhao et al., 2025);
for example, at sequence length 512 it achieves
higher accuracy on GSM8K (83.3% vs. 81.9%),
MATH500 (42.4% vs. 39.2%), and HumanEval
(37.2% vs. 34.8%).

Diffusion baselines: Order-Token Search im-
proves over remasking-based decoding, espe-
cially on harder tasks. Among diffusion-style
baselines, low-confidence remasking is already
strong, and adding majority voting further im-
proves GSM8K for both models. Replacing
confidence-based remasking with random remask-
ing can remain competitive on GSM8K, but hurts
more structured reasoning tasks. For example,
Random+MV achieves only 12.7% and 11.4% av-
erage accuracy on Countdown for LLaDA and
LLaDA-1.5, far below the 20.7% and 22.5% of
Low-conf+MV. In contrast, Order-Token Search
consistently outperforms these diffusion baselines
on the harder benchmarks MATH500, Countdown,
and HumanEval. Relative to Low-conf+MV, it im-
proves MATH500 from 29.7% to 32.8% on LLaDA
and from 31.3% to 33.8% on LLaDA-1.5, raises
Countdown from 20.7% and 22.5% to 28.4% and
28.0%, and improves HumanEval from 20.9% and
22.0% to 27.4% and 27.6%.

Autoregressive baselines: Order-Token
Search consistently outperforms AR-based
decoding. AR and AR + Majority-Voting are
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Figure 4: Per-dataset average accuracy under differ-
ent likelihood estimators for pruning. Bars compare
methods for LLaDA (blue), LLaDA-1.5 (orange), show-
ing consistent gains of Order-Token Search on GSM8K,
MATH500, Countdown, and HumanEval. See Table S6
for sequence-length-specific results.

strong baselines, particularly on MATH500, Count-
down, and HumanEval, and AR + beam-search
even achieves the second- or third-best overall
average for both backbone models. However,
Order-Token Search still yields consistent gains.
Averaged over the two LLaDA variants, Order-
Token Search achieves 71.2/33.3/28.2/27.5%
on GSM8K/MATH500/Countdown/HumanEval,
compared with 70.0/28.6/13.6/23.5% for AR
+ MV and 70.0/30.5/19.7/26.1% for AR +
beam-search. Notably, AR + beam-search is the
block_size = 1 special case of our framework,
yet it remains worse than full Order-Token Search.
This result highlights the benefit of searching
jointly over generation order and token choices,
rather than restricting search to token choices
under a fixed left-to-right order.

5.3 Necessity of a Good Likelihood Estimator
Robust incremental scoring is essential for prun-
ing. Figure 4 shows that even with the same OTS
branching and pruning procedure, the choice of
likelihood estimator has a large impact. Both OTS
All Blocks and OTS Future Blocks underperform
Order-Token Search. For LLaDA, Order-Token
Search achieves 39.7% overall accuracy, whereas
OTS All Blocks and OTS Future Blocks drop to
32.6% and 33.9%, with the largest degradation on
Countdown (28.4%→ 16.2% / 17.4%). The same
trend holds for LLaDA-1.5: Order-Token Search
reaches 40.4% overall, versus 34.0% / 35.3% for
the ablations, again with a large Countdown gap
(28.0% → 18.4% / 19.2%). Together, these re-
sults validate our estimator in Eq. 3: scoring in-
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Figure 5: Countdown accuracy versus test-time com-
pute (NFE) for Order-Token Search and majority-
voting baselines. For each method, we sweep beam
size or the number of samples, and set the largest con-
figuration so the right-most points have approximately
matched NFE. At this matched-compute point, OTS
(beam size 6) achieves 29.3% accuracy, versus 19.9%
for AR + MV and 18.4% for Random + MV, demon-
strating more efficient returns from additional test-time
compute than drawing more independent samples.

cremental denoising actions while conditioning
on the model’s full-sequence predictive distribu-
tion yields a more stable and discriminative prun-
ing signal than either joint history scoring within
one forward pass or scoring without predicted fu-
ture context. Appendix A.2.6 analyzes the pruning
scores directly: OTS yields higher common token-
level likelihoods than Future Blocks and All Blocks
(−30.28/− 34.75/− 38.81 on average), matching
their ordering in task accuracy.

5.4 Scaling with Test-Time Compute

Order-Token Search scales more efficiently with
test-time compute than majority voting. In Fig-
ure 5, we study compute scaling on Countdown
by varying the beam size of Order-Token Search
and the sample count of majority-voting baselines
under roughly matched budgets of Number of Func-
tion Evaluations (NFE). At the matched-compute
frontier, Order-Token Search with beam size 6
reaches 29.3% accuracy, compared with 18.4% for
Random + MV and 19.9% for AR + MV. Moreover,
Order-Token Search improves steadily as beam size
increases, from 16.0% at beam size 1 to 29.3% at
beam size 6, whereas both majority-voting base-
lines show much smaller gains as more samples
are added. These results indicate that Order-Token
Search converts additional NFE into accuracy more
effectively by searching jointly over generation or-

der and token choices, rather than aggregating in-
dependent trajectories with a voting heuristic.

6 Related Work

Diffusion Language Models. Initial develop-
ments in discrete diffusion models were established
by D3PM (Austin et al., 2021a) and further pro-
gressed using masked token approaches (Sahoo
et al., 2024; Nie et al., 2025a). Efficient versions
such as Plaid (Gulrajani and Hashimoto, 2023) and
SEDD (Lou et al., 2024) achieve performance com-
parable to GPT-2 (Radford et al., 2019), but their
scalability still falls short of autoregressive models.
The most recent scaling efforts include Dream (Ye
et al., 2025), which adapts pre-trained autoregres-
sive models into discrete diffusion models, and
LLaDA (Nie et al., 2025b), which trains powerful
masked diffusion language models from scratch.

Test-Time Strategies. A primary method to en-
hance diffusion models is to increase test-time com-
pute, typically by using more denoising steps. Re-
cent work has shown that expanding the inference-
time sample space can guide generation toward
high-reward outputs (Singhal et al., 2025; Kim
et al., 2025b), with techniques like re-masking be-
ing introduced to scale the denoising process for
masked diffusion models specifically (Wang et al.,
2025). More broadly, language models have long
benefited from test-time search methods such as
beam search, speculative decoding (Leviathan et al.,
2023; Xia et al., 2023), and contrastive decoding
(Li et al., 2023), which improve on greedy decod-
ing. However, these methods are tailored for the
autoregressive paradigm, where search is limited
to token choices under a fixed left-to-right order.

Our work addresses this limitation. The parallel,
order-agnostic decoding of MDMs creates a joint
search space over both token values and their gener-
ation order, which is inaccessible to autoregressive
methods. Our algorithm, Order-Token Search, is
designed for this new paradigm, leveraging parallel
decoding to explore multiple generation trajecto-
ries and select outputs based on overall likelihood.

7 Conclusion

In this work, we revisited decoding for Diffusion
Language Models (DLMs) through the lens of
order–token trajectories: the intertwined decisions
of which positions to denoise and which tokens
to assign. We show that standard decoding meth-
ods exhibit a clear exploration–exploitation trade-
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off. Low-confidence remasking exploits local con-
fidence well, but collapses to a narrow set of greedy
trajectories. On the contrary, random remasking
increases trajectory diversity, but lacks a reliable
mechanism for selecting good candidates.

Motivated by this observation, we introduce
Order-Token Search, which performs search in the
joint space of generation orders and token values.
Order-Token Search maintains a beam of partially
denoised candidates, expands them with diverse
denoising actions, and prunes them using a like-
lihood estimator that scores incremental denois-
ing decisions. Across math reasoning and cod-
ing benchmarks, this joint search yields consistent
gains, matching or exceeding improvements typi-
cally associated with post-training methods such
as diffu-GRPO. Overall, our results suggest that
joint order–token search is a promising way to turn
the multi-trajectory capacity of DLMs into stronger
single-sample decoding performance.

Limitations

Our study is comprehensive, but has several limi-
tations that we leave to future work. First, Order-
Token Search improves decoding by using addi-
tional test-time compute for search and pruning, so
its benefits come with higher inference cost. Sec-
ond, our pruning strategy uses a fixed model-based
likelihood estimator. While effective in our experi-
ments, more adaptive or learned scoring functions
could further improve candidate selection.
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A Appendix

A.1 Order-Token Search Algorithm

To make our proposed decoding strategy more
concrete, we present the pseudocode of our
Order-Token Search, which illustrates how par-
tially masked sequences are expanded, scored and
pruned, exploring both the token space and order
space.

A.2 Alternative Likelihood Estimators for
OTS

This appendix details two scoring ablations
of Order-Token Search (OTS) that isolate de-
sign choices in our robust likelihood estimator
(Eq. 3). Both baselines keep the same OTS
search/expansion procedure, and differ only in the
pruning score used to rank candidates.

Notation. Let xt and xs (0 ≤ s < t ≤ 1) be
the candidate states before/after an expansion, and
let x0 ∼ pθ(x0 | xt) be the model’s full-sequence
prediction used as context. We define three position
sets:

• ∆(s, t) := {i | xt,i = MASK ∧ xs,i ̸= MASK}
(newly-revealed positions)

• R(s) := {i | xs,i ̸= MASK} \ prompt positions
(revealed-so-far)

• F (s) := {i | xs,i = MASK}
(unrevealed future positions)

Let mask(x0, S) denote replacing positions in S
with MASK.

A.2.1 OTS All Blocks: Joint Likelihood of All
Revealed Blocks

Idea. Instead of scoring only the newly-revealed
blocks ∆(s, t) (Eq. 3), this baseline scores the en-
tire revealed prefix R(s) at each expansion, i.e., a
harder joint infilling task.

Score. We replace Eq. 3 with:

sALL(xt;xs) = Ex0∼pθ(x0|xt)

log p
(︂
x
R(s)
0

⃓⃓
⃓mask(x0, R(s))

)︂
. (S1)

Since sALL(xt;xs) already evaluates all revealed
blocks so far, we use it directly as the pruning score
at each search boundary (i.e., we do not sum over
intervals).

A.2.2 OTS Future Blocks: Likelihood
Without Conditioning on Predicted
Future

Idea. Our main scorer conditions the likelihood
of ∆(s, t) on the full predicted x0, which includes
predicted future content. This ablation removes
that advantage by masking all unrevealed future
positions F (s) when scoring the current update.

Score. We score only the newly-revealed posi-
tions, but compute their likelihood using a context
where future blocks are masked:

sFUTURE(xt;xs) = Ex0∼pθ(x0|xt)

log p
(︂
x
∆(s,t)
0

⃓⃓
⃓mask(x0,∆(s, t) ∪ F (s))

)︂
.

(S2)

This evaluates how well the model supports the
current block using only the prompt and previously
revealed blocks, without conditioning on any pre-
dicted future tokens. The total candidate score
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Algorithm 1 Order-Token Search for Diffusion Language Models

1: Input: Prompt p, model pθ, beam size K, generation length L, total steps S, search interval N ,
temperature τ , number of blocks b.

2: Initialize beam set B ← {(xi, s[b], score)}, where xi = [p;MASKL], s[0 : b − 1] = 0, score = 0
{K identical beams}

3: for step s← 1 to S do
4: l← pθ(B.x) {Get logits for all beams, shape: (K,L, V )}
5: if s mod N == 0 then
6: Bcandidates ← ∅
7: for (x, s, score) ∈ B do
8: block_idx← get_current_block_index(x) {Compatible with semi-AR generation}
9: for i← 1 to K do

10: l̃← add_gumbel_noise(lx, τ)
11: x0 ← argmax(̃l, dim = −1) {Sample a candidate completion}
12: xcandidate ← transfer_tokens(x,x0, lx) {Only apply L

S predicted tokens}
13: xfull_seq ← transfer_all_tokens(x,x0) {Apply all predicted tokens}
14: xmasked ← mask_tokens(xfull_seq, block_idx) {Mask the current block}
15: block_score← score_block(xmasked, block_idx) {Score the sequence}
16: s[block_idx] = block_score
17: score = sum(s[0 :block_idx])
18: Bcandidates ← Bcandidates ∪ {(xcandidate, s, score)}
19: end for
20: end for
21: B ← topK(Bcandidates) {Prune to the K best candidates}
22: else
23: for (x, __,__) ∈ B do
24: l̃← add_gumbel_noise(lx, τ)
25: x0 ← argmax(̃l, dim = −1)
26: x← transfer_tokens(x,x0, lx)
27: end for
28: end if
29: end for
30: Return: The sequence from B with the highest final score.

is then accumulated over search-guided denoising
steps,

∑︁
(s,t)∈I sFUTURE(xt;xs), matching the ag-

gregation rule in Order-Token Search .

A.2.3 AR-style Likelihood: Left-to-Right
Token Log-Likelihood

For comparison, we describe the traditional likeli-
hood used in autoregressive (AR) language mod-
els. Given a partially generated sequence x =
(x1, . . . , xL), an AR model factorizes the likeli-
hood in a left-to-right manner:

pAR(x) =
L∏︂

i=1

pθ(xi | x<i), (S3)

where x<i := (x1, . . . , xi−1). Accordingly, the
standard log-likelihood score for a candidate se-

quence is

sAR(x) =

L∑︂

i=1

log pθ(xi | x<i). (S4)

In AR decoding (e.g., beam search), candi-
dates are ranked by accumulating token-level log-
probabilities along the generation path. In our Or-
der Search and Token Search baselines, we adopt
an analogous AR-style score by summing log-
likelihoods of the already revealed tokens in a for-
ward pass.

A.2.4 Misalignment of AR-style likelihood in
MDMs

Search-based decoding depends on accurate like-
lihood estimates for pruning, but naive AR-style
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Table S1: Wall-clock time (in seconds) comparison on the Countdown dataset, averaged over all problems. This
demonstrates that OTS (4 beams) is roughly 2-3x slower than a single heuristic-based remasking run, but about 2x
faster than majority voting with 5 samples.

Method / Generation length 64 128 256 512

Heuristic-based remasking 1.55 3.19 6.60 14.52
+ Majority-voting (5 samples) 7.73 15.94 32.99 72.59
Order-Token Search (4 beams) 3.52 7.46 16.64 40.41

Table S2: Accuracy of search algorithms with OTS or AR-style likelihood estimate (Seq Len 256). Bolded
values indicate best performance. OTS consistently outperforms both Order Search and Token Search that adopt an
AR-style likelihood estimate.

Decoding Method (Compute) GSM8K MATH500 Countdown HumanEval

Token Search (3x) 8.5 3.8 0.0 0.6
Order Search (3x) 79.2 35.8 15.2 32.9
Order-Token Search (1x) 79.8 36.0 26.2 34.2

likelihood is mismatched to MDMs, which are
trained to denoise multiple positions in parallel
(Section 2.1). In Table S2, Order Search and To-
ken Search instantiate this AR-style estimate by
scoring partially denoised sequences via forward
passes conditioned only on the currently revealed
tokens. Both lag far behind Order-Token Search:
on Countdown, Order-Token Search outperforms
Order Search by 11%, while Token Search col-
lapses to 0% accuracy. This indicates that di-
rectly porting AR beam-search heuristics to MDMs
yields unreliable pruning signals; in contrast, Order-
Token Search succeeds by pairing joint order–token
exploration with a likelihood estimation function
tailored to incremental denoising.

A.2.5 Ablation with Cumulative Token
Probability

We further consider a simple likelihood-based prun-
ing baseline, denoted CUMPROB, which keeps the
same OTS branching and search procedure but
ranks partial trajectories by the accumulated log-
probability the model assigns to each committed
token. Both methods thus draw likelihood infor-
mation from the same underlying model under an
identical branching procedure, isolating the effect
of the pruning score itself.

As shown in Table S3, OTS attains the better
overall average on both models (39.7% vs. 38.0%
on LLaDA, 40.4% vs. 38.7% on LLaDA-1.5). The
two are close on GSM8K, with the difference
concentrated in MATH500, Countdown, and Hu-
manEval. This suggests that how likelihood is es-

timated for partially denoised candidates affects
pruning quality.

A.2.6 Likelihood Diagnostics for Pruning
Section 5.3 compares pruning estimators under a
fixed branching and search procedure: OTS reaches
39.7% average accuracy on LLaDA against 33.9%
for OTS Future Blocks and 32.6% for OTS All
Blocks, and 40.4% against 35.3% and 34.0% on
LLaDA-1.5. To relate these differences to the
pruning signal itself, we record two decoding-time
statistics. sel_logp is the accumulated selection
score used for pruning; tok_logp accumulates the
log-probabilities of committed tokens and is com-
puted identically across methods, so it is compara-
ble between estimators. Table S4 reports both for
all datasets and generation lengths.

The likelihood ordering (OTS > OTS Future
Blocks > OTS All Blocks) matches the accuracy
ordering in nearly every setting, the sole exception
being tok_logp on MATH500 at length 64. We do
not claim that likelihood is a pointwise predictor of
correctness; high-likelihood failures are discussed
in Appendix A.9. The more limited reading is that
the OTS estimator yields a more discriminative
selection signal for partial trajectories, and substi-
tuting a weaker estimator lowers final accuracy.

A.3 Computation Complexity

To manage computational complexity, we delib-
erately structure the search using block diffusion
(Arriola et al., 2025; Nie et al., 2025b). This avoids
the prohibitive cost of a naive search at every step,
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Table S3: Ablation with cumulative token-probability pruning. All methods use the same OTS branching
procedure; only the pruning score differs. We report accuracy per generation length, per-dataset averages, and the
overall average.

GSM8K MATH500 Countdown HumanEval Average

Method / Seq Len 64 128 256 512 Avg 64 128 256 512 Avg 64 128 256 512 Avg 64 128 256 512 Avg

LLaDA CumProb 45.5 71.7 78.8 83.6 69.9 21.4 25.8 35.8 39.4 30.6 27.3 27.3 20.7 26.6 25.5 15.2 24.4 32.9 30.5 25.8 38.0
OTS 45.6 71.6 79.8 83.3 70.1 22.4 30.4 36.0 42.4 32.8 27.7 34.4 26.2 25.4 28.4 15.2 23.2 34.2 37.2 27.4 39.7

LLaDA-1.5 CumProb 49.7 74.3 81.0 83.6 72.1 20.6 27.4 33.2 38.6 30.0 22.7 30.5 25.0 27.0 26.3 14.6 23.2 34.1 33.5 26.4 38.7
OTS 48.4 74.5 81.7 84.0 72.2 24.4 30.8 37.4 42.4 33.8 27.7 31.3 23.8 29.3 28.0 15.2 22.6 36.0 36.6 27.6 40.4

Table S4: Likelihood diagnostics under different pruning estimators. We report the accumulated selection score
(sel_logp) and the common committed-token log-probability diagnostic (tok_logp) for OTS, OTS Future Blocks,
and OTS All Blocks. All methods use the same OTS branching/search procedure and inference budget, differing
only in the likelihood estimator. Higher values (less negative) indicate higher likelihood.

Order-Token Search OTS Future Blocks OTS All Blocks
Length Dataset sel tok sel tok sel tok

64 GSM8K -107.19 -12.31 -141.19 -14.28 -183.86 -14.71
MATH500 -96.09 -13.58 -139.45 -16.29 -170.08 -16.04
Countdown -111.14 -16.94 -122.63 -18.65 -164.80 -19.71
HumanEval -96.79 -12.40 -155.44 -13.88 -215.27 -14.36

Avg. -102.80 -13.81 -139.68 -15.78 -183.40 -16.21

128 GSM8K -105.70 -14.15 -212.27 -17.20 -404.68 -17.89
MATH500 -161.64 -26.60 -277.73 -27.23 -449.17 -31.98
Countdown -234.17 -37.61 -313.96 -42.65 -430.42 -43.11
HumanEval -164.44 -20.30 -278.59 -23.54 -469.94 -24.48

Avg. -166.49 -24.67 -270.64 -27.66 -438.44 -29.37

256 GSM8K -164.07 -22.15 -395.92 -26.57 -933.59 -27.20
MATH500 -206.86 -34.33 -464.81 -40.29 -944.65 -53.11
Countdown -350.08 -58.13 -513.98 -60.57 -933.52 -70.02
HumanEval -203.71 -25.20 -424.14 -32.48 -974.88 -36.19

Avg. -231.18 -34.95 -449.71 -39.98 -946.66 -46.63

512 GSM8K -176.75 -26.80 -449.25 -29.25 -1268.91 -31.62
MATH500 -253.13 -50.74 -742.50 -64.33 -1774.39 -74.81
Countdown -412.22 -80.27 -697.95 -89.57 -2028.25 -98.39
HumanEval -236.95 -32.97 -506.62 -39.20 -1388.61 -47.32

Avg. -269.76 -47.70 -599.08 -55.59 -1614.53 -63.04

Overall Avg. -192.56 -30.28 -364.78 -34.75 -795.94 -38.81

which would incur a complexity of O(S ·K2 · L),
where S is the number of diffusion steps. The
overhead of our approach is far lower. Let L be
the generation length, K the beam size, and B the
number of blocks. The total Number of Function
Evaluations (NFE) for OTS is the sum of K inde-
pendent denoising trajectories (costing S ·K · L)
and the likelihood evaluations for search, which
are performed B times at block boundaries (cost-
ing B ·K2 · L).

Thus, the total NFE is NFE(OTS) ≈ S · K ·
L + B · K2 · L. In our main experimental set-
ting (where S = L/2 and B = L/32), with
a typical beam size K ≈ 4, this simplifies to
NFE(OTS) ≈ (L2 ·K)/2+(K2 ·L2)/32 ≈ 2.5·L2.
This is critically important, as it is directly com-
parable to the NFE of a standard majority-voting
baseline with 5 samples: NFE(MV-5) = S ·5 ·L =

(L/2) · 5 · L = 2.5 · L2. Therefore, OTS provides
a structured joint search over the (order × token)
space at roughly the same computational cost as a
widely-used unstructured sampling baseline. After
processing all blocks, the single best sequence is
selected from the final K candidates based on the
highest likelihood. To further validate our analysis,
we measured wall-clock time on the Countdown
dataset, averaging over all problems and comparing
heuristic-based remasking (e.g., low-confidence re-
masking), naive majority voting (5 samples), and
OTS with 4 beams. As shown in Table S1, our
optimized implementation of OTS runs faster than
the majority-voting baseline.
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A.4 Comparison Study of Greedy Decoding
and Order-Token Search under Identical
Temperature

To further validate the effectiveness of our ap-
proach, we compare greedy decoding with Order-
Token Search under identical temperature settings.
This controlled setup rules out confounding factors
and highlights the contribution of the search strat-
egy itself. As reported in Table S5, Order-Token
Search delivers a remarkable performance boost on
the Countdown dataset, confirming that the method
provides tangible gains beyond simple greedy de-
coding.

A.5 Additional Experimental Details

We provide further details on the experimental set-
tings that complement the main results.

A.5.1 Order-Token Search Settings
Our Order-Token Search results (as shown in Ta-
ble 1 and Table S2 is configured with beam sizes
of K ∈ {3, 5, 8} and block size of 32 along with
a small search for the Gumbel noise temperature
τ ∈ [0.2, 1.0], keeping in mind its role in balanc-
ing diversity and stability. As a general princi-
ple, a higher temperature introduces more diversity
among the beams, but it can also risk destabiliz-
ing the token selection and decoding order. The
settings used for our main experiments were cho-
sen to maintain a reasonable balance between these
factors.

In the main paper, we adopt the low-
confidence remasking strategy together with the
setting gen_len = 2 × diffusion_steps;
block_size = 32 for our baseline experiments.
This configuration follows prior work (Zhao et al.,
2025) and provides what can be regarded as a form
of optimality: while it does not guarantee strict
global optimality, it has been shown to yield a rea-
sonably effective and competitive baseline under
low-confidence conditions. Random-remasking
majority-voting and Order-Token Search both
use the same configuration. And we change
block_size = 1 to simulate AR decoding on AR,
AR majority-voting and AR Beam Search.

For the Order Search and Token Search experi-
ments reported in Table S2, we use the configura-
tion with K = 3.

A.5.2 Pass@k Evaluation Settings
Following Yue et al. (2025), we use pass@k
to characterize multi-sample reasoning coverage.

For our DLM experiments, we set the sam-
pling temperature to 0.8 and use gen_len =
block_size = 256. For autoregressive decoding,
we use block_size = 1.

A.5.3 Computational Cost Analysis
Order Search generally search only on the decod-
ing order of sequences based on the confidence of
each position. This algorithm is designed based
on the intuition that decoding order might change
the ultimate accuracy. Therefore, at every step,
we keep K positions that have the highest proba-
bility from model logits independently unmasked.
We then perform a look-ahead at the next step
to have K2 candidate sequences each with one
more position unmasked. We calculate the confi-
dence score and keep the top-K candidates. In
the experiment, we adopt the configuration of
K = 3, T = 0.0, gen_len = 256 and the results
also witness promising improvement.

However, the algorithm is computationally ex-
pensive, for it requires K2 × gen_len forward
passes in total. With K = 3 and gen_len = 256,
this amounts to 32 × 256 = 2304 forward evalu-
ations. In contrast, our Order-Token Search with
K = 5 requires only (128×5)+(25632 )×25 = 840
forward passes, where 256/32 corresponds to the
number of blocks and each block update involves
5× 5 expansions.

Token Search is closely related to Order Search,
but instead of expanding K positions at each step,
it expands the top-K most confident tokens for a
single position. Starting from K sequences, this
again produces K2 candidate sequences per step,
leading to the same overall complexity of K2 ×
gen_len forward passes. For instance, with K = 3
and gen_len = 256, Token Search also requires
32 × 256 = 2304 forward evaluations. Although
the search space differs (token values vs. decoding
order), the computational burden remains quadratic
in K, making it substantially more expensive than
our Order-Token Search, which scales only linearly
with K.

A.6 Limitations on Sudoku Benchmarks

Table S7 indicates that Sudoku behaves quali-
tatively differently from the other benchmarks.
Across both LLaDA and LLaDA-1.5, performance
on Sudoku remains uniformly low across a wide
range of decoding strategies, including autoregres-
sive decoding, majority voting, beam search, and
our proposed Order-Token Search. Notably, these
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Table S5: Countdown task performance under different configurations.

Seq Len(L), Diffusion Steps(S), Beam Size(K), Temperature(T ) Accuracy (%)
L=128,S=64,K=1,T=0.0 20.7
L=128,S=64,K=1,T=0.4 22.7
L=128,S=64,K=5,T=0.4 34.4

Table S6: Performance Comparison of OTS Variants and Order-Token Search.

GSM8K MATH500 Countdown HumanEval Average

Method / Seq Len 64 128 256 512 Avg 64 128 256 512 Avg 64 128 256 512 Avg 64 128 256 512 Avg

LLaDA OTS All Blocks 42.8 68.4 74.5 74.8 65.1 21.0 27.2 32.8 33.0 28.5 11.7 16.8 19.9 16.4 16.2 11.6 18.3 23.8 28.1 20.4 32.6
OTS Future Blocks 43.3 66.8 76.2 78.9 66.3 22.1 28.4 31.6 36.8 29.7 15.2 18.0 20.3 16.0 17.4 12.8 16.5 28.1 31.7 22.3 33.9
Order-Token Search 45.6 71.6 79.8 83.3 70.1 22.4 30.4 36.0 42.4 32.8 27.7 34.4 26.2 25.4 28.4 15.2 23.2 34.2 37.2 27.4 39.7

LLaDA-1.5 OTS All Blocks 45.6 70.7 78.9 78.3 68.4 20.8 26.4 31.8 34.6 28.4 9.0 21.5 20.7 22.3 18.4 13.4 16.6 25.6 26.8 20.6 34.0
OTS Future Blocks 45.3 71.3 80.5 80.7 69.5 19.8 27.2 34.8 35.6 29.4 13.7 21.9 21.5 19.5 19.2 12.2 17.1 27.4 34.8 22.9 35.3
Order-Token Search 48.4 74.5 81.7 84.0 72.2 24.4 30.8 37.4 42.4 33.8 27.7 31.3 23.8 29.3 28.0 15.2 22.6 36.0 36.6 27.6 40.4

methods do not exceed a simple random baseline:
for a 4× 4 Sudoku, a uniformly random fill attains
25% expected cell accuracy.

Overall, this pattern suggests that Sudoku per-
formance is primarily limited by how well the un-
derlying model internalizes the task’s global, hard
constraints, rather than by the choice of inference-
time decoding alone. Sudoku requires enforcing
row, column, and subgrid consistency, and such
constraint structure may not be reliably captured
by token likelihoods. When the model’s scores
are weakly correlated with constraint satisfaction,
search-based decoding has limited leverage: ex-
ploring decoding trajectories mainly reorders and
recombines signals already present in the model,
without introducing new structural knowledge.

Order-Token Search is designed to improve rea-
soning by exploring and pruning order–token tra-
jectories under a fixed model. It is most effective
in regimes where the model assigns informative
relative likelihoods to intermediate states that re-
flect partial correctness. On Sudoku, however, the
model appears to assign nearly uninformative or oc-
casionally misleading scores to constraint-violating
states, which can cause diverse decoding meth-
ods (including AR, beam search, and Order-Token
Search) to saturate at similarly low accuracy.

We therefore view Sudoku as a boundary case
for inference-time structured search: decoding can
amplify and select among existing reasoning sig-
nals, but its gains depend on the presence of reli-
able constraint-related signal in the model’s scoring.
Improving performance on Sudoku likely requires
model-level changes, such as explicit constraint
modeling or targeted training, rather than more so-
phisticated decoding alone.

For this reason, we report Sudoku separately
and exclude it from aggregate conclusions about
reasoning improvements, treating it as a diagnostic
case study of model capability on global constraint
satisfaction.

A.7 Sensitivity of Order-Token Search to
Block Size

Our scoring function s(xt;xs) is explicitly de-
signed to be stable across a range of block sizes.
Conceptually, the block size controls a bias–
variance trade-off in likelihood estimation. When
the block is larger, the model must jointly predict
more tokens at once, making each scoring step
harder but fewer in number. When the block is
smaller, each prediction is easier and closer to the
MDM training distribution—where the model typ-
ically denoises a limited number of masks at a
time—but search is invoked more frequently. In
all cases, the score of a candidate is the sum of
these incremental block-level log-likelihoods over
its full generation path (Eq. 3), so changing the
block size simply changes how finely this path-
wise likelihood is decomposed, not the underlying
distribution being estimated. We therefore view the
block size primarily as an efficiency and granular-
ity knob rather than a fragile hyperparameter for
the scoring rule itself.

In practice, we find that Order-Token Search is
not highly sensitive to the exact block size within
a reasonable range. On MATH500 with gener-
ation length 128, sweeping the block size from
1 to 128 yields accuracies between 23.0% and
28.0%. Across block sizes 2–64, performance
stays in a narrow band around 26.5% (approxi-
mately 26.5 ± 1.5), and all such settings signifi-
cantly outperform the degenerate cases of block
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Table S7: 4×4 Sudoku result. We report Sudoku average per-cell accuracy across multiple generation lengths for
two base models (LLaDA and LLaDA-1.5). Bolded values indicate the best performance, and underlined values
indicate the second best. We treat Sudoku as an outlier relative to the math/coding benchmarks in Table 1. Reference:
a completely random method would fill in a 4× 4 Sudoku with 25% of the cells correct in expectation.

Sudoku

Model Method / Seq Len 64 128 256 512 Avg

LLaDA Low-confidence 8.5 11.7 6.5 5.5 8.1
Low-conf + MV 8.9 10.3 8.5 7.2 8.7
Random + MV 6.4 6.5 8.4 6.9 7.1
AR 14.7 15.9 13.6 12.0 14.1
AR + MV 14.4 15.9 12.1 14.3 14.2
AR + beam-search 13.2 17.7 10.6 8.2 12.4
OTS All Blocks 6.5 6.9 7.5 6.9 6.9
OTS Future Blocks 7.0 7.7 7.4 6.9 7.3
Order-Token Search 10.1 11.7 8.5 7.4 9.4

LLaDA-1.5 Low-confidence 13.5 15.6 11.4 10.3 12.7
Low-conf + MV 13.7 14.9 10.8 12.6 13.0
Random + MV 11.1 11.3 9.3 9.2 10.2
AR 14.5 15.8 14.5 13.6 14.6
AR + MV 14.6 16.6 13.2 13.1 14.4
AR + beam-search 17.5 16.8 13.5 11.0 14.7
OTS All Blocks 9.3 10.5 9.6 9.7 9.8
OTS Future Blocks 9.6 11.1 8.3 8.5 9.4
Order-Token Search 13.8 16.1 11.2 9.9 12.8

size 1 and 128, where Order-Token Search either
loses the order space entirely (block size 1) or
forces the model to effectively denoise the entire
sequence in one shot (block size 128). This empiri-
cal plateau for intermediate block sizes matches the
bias–variance trade-off discussed above and sup-
ports the view that block size primarily controls the
efficiency and granularity of search rather than act-
ing as a delicate tuning parameter. The full sweep
is visualized in Figure S1.

A.8 Case Study: A Search Instance

Figure S2 provides a qualitative analysis of Order-
Token Search’s search trajectory on a Count-
down task requiring the combination of numbers
(87, 28, 35) to reach a target value of 94. This par-
ticular problem exemplifies a case where the low-
confidence remasking baseline fails, as it greedily
commits to the locally plausible but ultimately in-
correct path beginning with 87 + 28 = 115. How-
ever, this path cannot yield the target 94 using the
remaining number 35, since 115 ± 35 results in
values (80 or 150) distant from the solution.

Order-Token Search overcomes this limitation

by maintaining multiple candidate paths simul-
taneously. While the addition-based path is ex-
plored, the algorithm also evaluates the alternative
87− 28 = 59 trajectory. The dedicated likelihood
estimation correctly identifies the subtraction path
as superior when 59 + 35 precisely yields the tar-
get 94. This case demonstrates how Order-Token
Search’s joint exploration of generation orders and
token space enables escape from local optima that
trap greedy methods, systematically identifying
globally correct solutions through parallel hypothe-
sis testing.

A.9 Failure Cases: High-Likelihood but
Incorrect Trajectories

We examine OTS-selected trajectories that attain
high likelihood yet are incorrect. For each case
we report its sequence log-likelihood logL and the
fraction of correct trajectories from the same con-
figuration that the likelihood exceeds. When this is
high, likelihood alone could not have separated the
failure from the successes.
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Figure S1: Effect of block size on OTS accuracy on MATH500 with generation length 128. Accuracy remains
stable for block sizes 2–64, while the degenerate settings of block size 1 and 128 significantly underperform,
confirming that block size mainly acts as an efficiency and granularity knob.

A.9.1 Math: fluent derivations with a local
arithmetic slip

Example 1. logL = −32.60; exceeds 33% of
correct trajectories. With f(n) = ⌊n⌋ if n ≥ 4,
⌈n⌉ otherwise, find f(π3 ) + f(

√
45) + f(82/3).

Ground truth 12; model 14.

1. For π
3
< 4, f(π

3
) = ⌈π

3
⌉ = 2. 2. For

√
45 ≥ 4,

f(
√
45) = ⌊

√
45⌋ = 6. 3. For 82/3 ≥ 4, f(82/3) =

⌊82/3⌋ = 6.
Adding these together: 2 + 6 + 6 = 14.

Everything is correct except the single slip 82/3 =
4, not 6.

Example 2. logL = −14.79; exceeds 78% of
correct trajectories. Express 55 ÷ 54 − 53 + 52 · 51
as an integer. Ground truth 5; model −95.

1. 55÷54 = 55−4 = 5. 2. 53 = 125. 3. 52 ·51 =
52 = 25.
Substituting back: 5− 125 + 25 = −120 + 25 = −95.

The structure and downstream arithmetic are flaw-
less; step 3 drops the exponent addition (52 · 51 =
125).

A.9.2 Countdown: hits the target but violates
the constraints

Example 3. logL = −25.81; exceeds 86% of
correct trajectories. Numbers {49, 44, 7}, target
86; model outputs 93− 7 (= 86, but 93 /∈ set).

First, let’s try adding 44 and 49: 44 + 49 = 93.
Next, let’s subtract 7 from 93: 93− 7 = 86. Answer:
93− 7

The reasoning finds the valid solution (44+49)−7,
but the final expression treats the intermediate 93
as an input.

Example 4. logL = −9.58; exceeds all correct
Countdown trajectories in its configuration. Num-
bers {28, 54, 99}, target 73; model outputs 99−26
(= 73, but 26 /∈ set).

We need to find a way to combine the numbers 28, 54,
and 99 to get 73 using the operations +, −, ∗, and /.
Answer: 99− 26

The expression invents 26 (implicitly 54− 28); the
valid form is 99− 54 + 28.

A.9.3 Discussion
Likelihood measures model support for a trajectory,
not arithmetic correctness or constraint satisfaction:
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We need to use an

arithmetic operation to

combine the numbers 87,

28, and 35 to get the

target 94. 
We need to use an
arithmetic operation
to combine the numbers
87, 28, and 35 to get
the target 94. Let's
start by considering
the operations and
their combinations.

1. Subtract 28 from 87
to get 59.
2. Add 35 to 59 to get
94.

So, the expression is:
87 - 28 + 35 = 94.

Final Answer

... Let's start by
considering the operations
and their combinations.

1. Subtract 28 from 87 to
get 59.

... Let's start by
considering the largest
operations first. We can
add 87 and 28 to get 115,
which is close to 

... Let's try the following

steps:

1. Start with 87.

2. Add 28 to get 115.

✔

Correct
reasoning

✘
Incorrect
reasoning,

pruned

Incorrect
reasoning,
but kept

✘

... Let's try the following
steps:
1. Start with 87.
2. Add 28 to get 115.
3. Subtract 35 to get 90.

However, we need to reach 94.
Let's try another approach.

... Let's start by considering
the operations and their
combinations.

1. Subtract 28 from 87 to get
59.
2. Add 35 to 59 to get 94.

So, the expression is: 
87 - 28 +

✘

Incorrect first
attempt

✔
Correct

reasoning

... Let's start by considering

the operations and their

combinations.

1. Subtract 28 from 87 to get
59.
2. Add 35 to 59 to get 94.

So,the expression is:
\(87 - 28 + 

✘

Correct reasoning,
but extra

characters

1st Block Generation 

2nd Block Generation 

Figure S2: Case study of search trajectories for a sampled Countdown problem. Each box depicts an independently
generated candidate sequence with arrows denoting the parent-child relationship in block diffusion. Order-Token
Search evaluates each candidate and decides whether to move forward with its prefix sequence. Its likelihood
criterion successfully pruned out inferior candidates that contains incorrect reasoning or syntactical errors, ultimately
retaining only high-scoring candidates that lead to the correct solution.

Table S8: Performance on MuSR. We evaluate
LLaDA-8B-Instruct with a generation length of 512.
Bolded values indicate the best performance and under-
lined values indicate the second best.

Method 512

Low-confidence 52.8
Random remasking 41.3
Random + MV 48.3
AR 47.8
AR + MV 53.7
Order-Token Search 56.8

several incorrect trajectories score above 80–100%
of correct ones, so no likelihood threshold could
separate them. This does not contradict its role in
OTS—as the ablation in Figure 4 shows, a stronger
likelihood estimator provides a more reliable ag-
gregate pruning signal under an identical search
procedure and budget, without being a pointwise
verifier.

A.10 MuSR: Longer-Context Soft Reasoning

To evaluate whether Order-Token Search general-
izes beyond mathematical and code reasoning, we
additionally evaluate it on MuSR (Sprague et al.,
2024), a benchmark for multi-step soft reason-
ing over natural-language narratives. We evaluate
LLaDA-8B-Instruct with a generation length of

512, providing a generation budget suitable for the
longer reasoning chains in MuSR.

Table S8 reports the results. Order-Token Search
achieves 56.8% accuracy, outperforming all consid-
ered baselines, including AR with majority voting
(53.7%). This result provides additional evidence
that joint search over generation order and token
space is effective beyond mathematical and code
reasoning tasks.

A.11 Detailed Diversity Analysis

Section 3 reports diversity metrics averaged over
the eight dataset–model settings. Here we provide
the complete per-dataset and per-model results in
Table S9. We measure four complementary no-
tions of diversity: token-position entropy, average
Distinct-3/4, pairwise edit distance, and answer
entropy.

The aggregate trend is consistent across the two
backbones: AR and random remasking generally
produce substantially more diverse trajectories than
low-confidence remasking, with random remasking
achieving the highest average value for all four
metrics. This trend is particularly pronounced for
token-position entropy and pairwise edit distance,
which directly capture variation in generation order
and generated trajectories.
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Table S9: Detailed diversity measurements across datasets and models. We report four complementary diversity
metrics for low-confidence remasking, AR decoding, and random remasking. Higher values indicate greater
diversity. Bold values denote the highest value within each model–dataset setting and metric.

Token-position entropy ↑ Avg. Distinct-3/4 ↑ Pairwise edit distance ↑ Answer entropy ↑
Model Benchmark Low-conf. AR Random Low-conf. AR Random Low-conf. AR Random Low-conf. AR Random

LLaDA Countdown 0.625 0.902 0.927 0.515 0.447 0.664 0.152 0.856 0.871 0.571 0.915 0.940
GSM8K 0.611 0.871 0.895 0.060 0.156 0.437 0.346 0.680 0.800 0.298 0.293 0.633
MATH500 0.674 0.869 0.889 0.079 0.274 0.536 0.423 0.742 0.821 0.320 0.604 0.731
HumanEval 0.242 0.702 0.869 0.035 0.152 0.417 0.226 0.487 0.704 0.322 0.492 0.557

LLaDA-1.5 Countdown 0.072 0.906 0.929 0.928 0.453 0.675 0.012 0.859 0.873 0.184 0.911 0.937
GSM8K 0.565 0.876 0.900 0.122 0.164 0.449 0.348 0.691 0.809 0.378 0.314 0.682
MATH500 0.674 0.875 0.894 0.089 0.291 0.552 0.436 0.757 0.830 0.370 0.621 0.748
HumanEval 0.184 0.719 0.870 0.079 0.168 0.426 0.337 0.501 0.703 0.298 0.509 0.565

Overall Avg. 0.456 0.840 0.897 0.238 0.263 0.520 0.285 0.697 0.801 0.343 0.582 0.724

Table S10: Dream7B performance on mathematics and coding benchmarks. We report accuracy at generation
lengths 128 and 256; dataset-level and overall averages are computed over these two lengths. Bolded values indicate
the best performance and underlined values the second best. OTS attains the highest overall average accuracy.

GSM8K MATH500 Countdown HumanEval Overall
Method 128 256 Avg. 128 256 Avg. 128 256 Avg. 128 256 Avg. Avg.

Low-confidence 65.7 75.7 70.7 30.4 33.2 31.8 23.8 20.3 22.1 32.3 34.2 33.2 39.5
Low-conf + MV 64.3 75.3 69.8 29.2 35.2 32.2 28.5 27.3 27.9 33.6 36.6 35.1 41.3
Random remasking 49.2 52.2 50.7 17.6 18.8 18.2 14.8 10.6 12.7 22.0 22.6 22.3 26.0
Random + MV 59.2 64.9 62.1 20.6 24.2 22.4 14.1 11.7 12.9 17.7 18.9 18.3 28.9
AR 51.7 77.5 64.6 32.4 36.6 34.5 23.4 24.6 24.0 34.8 51.8 43.3 41.6
AR + MV 52.9 79.7 66.3 31.6 40.0 35.8 23.4 25.4 24.4 33.5 51.2 42.4 42.2
Order-Token Search 65.7 76.3 71.0 32.0 37.2 34.6 25.8 30.1 27.9 36.6 37.8 37.2 42.7

A.12 OTS Beyond the LLaDA Family
To test whether OTS extends beyond the LLaDA
family, we evaluate it on Dream7B (Ye et al., 2025),
a diffusion language model with a different train-
ing recipe. We evaluate at generation lengths 128
and 256, and compute all averages over these two
lengths. As shown in Table S10, OTS attains the
highest overall average, 42.7% against 42.2% for
AR + MV, consistent with the LLaDA and LLaDA-
1.5 results in Table 1. This supports that the order-
token search formulation is not specific to the
LLaDA family.

532


