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Abstract

Diffusion-based large language models offer a
non-autoregressive alternative for text gener-
ation, but enabling them to perform complex
reasoning remains challenging. Reinforcement
learning has recently emerged as an effective
post-training strategy for improving their
performance; however, existing methods
rely primarily on outcome-based rewards,
which provide no direct supervision over
the denoising process and often result in
poorly structured reasoning that is difficult
to interpret and inconsistently supports the
final prediction. To address this limitation,
we introduce denoising process reward, a
process-level reinforcement signal defined
over the denoising trajectory of diffusion
language models. This reward is obtained by
estimating the contribution of intermediate
denoising intervals to the final task outcome,
encouraging the model to favor reasoning
trajectories that consistently guide generation
toward correct predictions. We further
propose an efficient stochastic estimator that
reuses standard training rollouts, enabling
practical process-level supervision at scale.
Experiments on challenging reasoning bench-
marks demonstrate that our approach yields
consistent improvements in reasoning stability,
interpretability, and overall task performance.
The code and model checkpoints are avail-
able at https://github.com/Mid-Push/
denoising_process_reward_dllm.

1 Introduction
Diffusion large language models (dLLMs) have
emerged as a compelling alternative to traditional
autoregressive models (ARMs), offering the poten-
tial to significantly accelerate inference through
parallel generation (Nie et al., 2025; Sahoo et al.,
2024; Gong et al., 2024; Ye et al., 2025). In par-
ticular, mask based dLLMs (MdLLMs) initialize
generation from a sequence of [MASK] tokens and
iteratively refine this sequence into coherent text

through a denoising process. While this paradigm
has shown promise on a variety of general tasks,
enabling MdLLMs to perform complex multi step
reasoning remains a significant challenge.

A common approach to improving reasoning in
large language models is reinforcement learning.
However, existing reinforcement learning methods,
such as GRPO (Shao et al., 2024) and its diffu-
sion adaptation diffu-GRPO (Zhao et al., 2025a),
typically rely on sparse outcome based rewards de-
rived from final answer correctness. Such rewards
provide no direct guidance over the denoising pro-
cess itself. As a result, MdLLMs are not explicitly
encouraged to utilize intermediate denoising steps
effectively, often spending them on repetitive loops
or vacuous content and forcing the final denoising
steps to determine the output. This behavior in-
creases the risk of hallucinations or inconsistent
reasoning that coincidentally yields the correct an-
swer, as illustrated in Figure 1.

To overcome the limitations of outcome only su-
pervision, prior work on autoregressive language
models has explored the use of process supervision.
In particular, Process Reward Models (PRMs) (Ue-
sato et al., 2022; Lightman et al., 2023) are trained
using human annotated reasoning steps and applied
at inference time to score intermediate reasoning
trajectories, selecting responses with higher pro-
cess level rewards. This approach has been shown
to significantly improve final performance.

However, directly extending this strategy to
MdLLMs is challenging for three key reasons, as
illustrated in Figure 5 and Table 4. First, interme-
diate generations in MdLLMs consist of partially
specified sequences with unresolved mask tokens
and parallel token updates, which differ fundamen-
tally from the complete and sequential reasoning
traces used to train PRMs. This distribution mis-
match leads to unreliable reward signals, unstable
training dynamics, and failure cases where the final
output reward becomes invalid. Second, it is vulner-
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create an arithmetic

expression that evaluates
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target number 61.

To find an arithmetic expression that
evaluates to 61 using the numbers 51, 99, and
13, we need to consider the operations +, -,
*, and / and ensure each number is used
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<reasoning> We need to reach 61 using the
numbers [51, 99, 13], each exactly once, with
operations +, -, *, or /. 

\boxed{99-51+13}

Start with the largest difference: 99-51=48.
Then add the remaining number: 48+13=61.
This matches the target exactly.

Rollouts
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Figure 1: Limitations of outcome-only rewards and motivation for the proposed denoising process reward (DPR).
Under outcome-only supervision, intermediate denoising steps are often spent on repetitive or vacuous content and
are not effectively utilized to inform the final prediction, resulting in low-quality and uninterpretable reasoning
processes. Consequently, the final prediction can be sensitive and unstable, motivating DPR to explicitly supervise
intermediate denoising steps to improve reasoning quality and final performance.

able to reward hacking behaviors, where the model
learns to increase the process reward score without
genuinely improving reasoning quality. Third, in-
corporating PRMs into training introduces substan-
tial computational overhead. Scoring intermediate
states with a separate reward model substantially
increases GPU memory consumption and leads to a
pronounced slowdown in training. Together, these
issues make PRM based supervision difficult to
apply and scale in the diffusion setting.

These limitations motivate the need for an alter-
native form of supervision that is compatible with
the denoising dynamics of MdLLMs. In this work,
we propose an automatic reinforcement learning
method for MdLLMs based on Denoising Process
Rewards (DPR). The key idea is to derive process
rewards directly from the denoising process by
estimating the contribution of denoising intervals
through comparisons of final task outcomes across
different timesteps, without relying on external an-
notations or reward models.

Our contributions are summarized as follows:

1. We identify that MdLLMs exhibit ineffective
and unstable reasoning, and propose a denois-
ing process reward that provides process-level
supervision without human annotation or ex-
ternal reward models.

2. We develop an efficient realization of DPR
that estimates the contribution of denoising in-
tervals by reusing standard rollout outcomes,
enabling practical integration into existing re-
inforcement learning pipelines with minimal
additional cost.

3. We conduct extensive experiments on chal-
lenging reasoning benchmarks, demonstrating
that DPR consistently improves reasoning sta-
bility, interpretability, and overall task perfor-
mance.

2 Related Work
Mask-based diffusion-based large language
models. LLaDA (Nie et al., 2025) proposes a mask-
based dLLMs. It gradually removes the mask token
in each diffusion step. Based on LLaDA, diffu-
GRPO (Zhao et al., 2025a) assumes the generated
tokens are independent and proposes a randomly
masked prompt to estimate the token probability
for reinforcement learning with diffusion models.
WINO (Hong et al., 2025) proposes a training-free
sampling strategy to use a low confidence thresh-
old to generate a draft response and use a high
threshold for second verification. TSE (Wang et al.,
2025c) observes that the answers generated in in-
termediate diffusion steps can also be correct and
therefore proposes a weighted voting strategy to
get the final answer. ReMDM (Wang et al., 2025a)
proposes a remasking sampler to address the prob-
lem that the generated tokens in dLLMs cannot
be revoked. wd1 (Tang et al., 2025) proposes a
weighted likelihood estimation for the sequence.
Many approaches have been proposed to improve
the efficiency of dLLMs, such as KV-cache (Wu
et al., 2025; Song et al., 2025; Liu et al., 2025b; Ma
et al., 2025). MDLM (Sahoo et al., 2024) derives
a continuous-time, Rao-Blackwellized objective
for training mask-based dLLM. LongLLaDA (Liu
et al., 2025a) proposes an NTK-based RoPE ex-
trapolation to allow long-context text generation.
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DiffuCoder (Gong et al., 2025) proposes a cou-
pled sampling scheme to estimate the likelihood
for GRPO training. MDPO (He et al., 2025) intro-
duces a running confidence remasking strategy to
allow low-confidence tokens to be remasked again
during inference time. IGPO (Zhao et al., 2025b)
addresses exploration failures in masked diffusion
language models by inserting partial ground truth
reasoning traces into masked tokens during on-
line sampling, guiding policy updates under sparse
rewards. TraceRL (Wang et al., 2025d) incorpo-
rates preferred inference trajectories into diffusion
model training using a diffusion-based value model,
enabling trajectory-level optimization for complex
reasoning tasks. In contrast, our method avoids
trajectory supervision and auxiliary value models,
and instead derives process rewards directly from
denoising outcomes.
Process reward model. Verification models have
been shown to improve the multi-step reason-
ing ability of LLMs. Unlike the outcome veri-
fier (Cobbe et al., 2021; Yu et al., 2023) which
examines the correctness of the final outcome, the
process reward models enhance feedback accuracy
by identifying and localizing errors within gen-
erated responses. However, collecting step-wise
feedback can be costly, especially with human
annotators (Uesato et al., 2022; Lightman et al.,
2023). Therefore, many efforts have been devoted
to the automatic extraction of process rewards. One
standard way to assess process correctness is by
estimating, via Monte Carlo (MC) methods, the
empirical probability of reaching the correct final
answers. Given an intermediate reasoning step,
MATH-SHEPHERD (Wang et al., 2023) prompts
completers to generate multiple continuations and
evaluates the potential of the step based on the
correctness of the resulting answers. Similar to
MATH-SHEPHERD, our method also leverages
Monte Carlo sampling to estimate the contribu-
tion of intermediate reasoning steps. However, our
approach differs in two key aspects: (1) we fo-
cus on process supervision during reinforcement
learning training rather than test-time scaling, and
(2) due to fundamental differences between dLLM
and autoregressive LLMs, directly applying pre-
trained AR-based PRMs to dLLMs introduces sig-
nificant challenges (see Section 4.2). (Luo et al.,
2024) proposes a Monte Carlo Tree Search algo-
rithm to identify the first error in the reasoning
process. (Zhang et al., 2025) argues that the MC-
based estimation can be noisy and requires an ad-

ditional LLM-as-judge to filter the process reward
data. Inspired by (Wang et al., 2023), (Wang et al.,
2025b) constructs process rewards for multi-modal
LLMs. (Zhang et al., 2024a) proposes a tree search
policy with process rewards. Implicit process re-
wards (Yuan et al., 2024; Cui et al., 2025) trains the
outcome reward model and can obtain the token-
level process reward as log-likelihood ratios of the
policy and reference models.

3 Policy Optimization with Denoising
Process Rewards

In this section, we study reinforcement learning
for masked diffusion language models and improve
both reasoning quality and final task performance
by moving beyond outcome-only rewards to a de-
noising process reward that provides supervision
over intermediate denoising steps.

3.1 Preliminary: Outcome-based Group
Relative Policy Optimization (GRPO)

GRPO is an on-policy reinforcement learning algo-
rithm that improves language models using relative
outcome-based rewards (Shao et al., 2024). We
briefly summarize the formulation below.
Response sampling. Given an input question Q,
the current policy πθ generates G candidate re-
sponses {R(1), . . . ,R(G)}. Each response is as-
signed an outcome reward ri based on final answer
correctness. A mean-normalized advantage is com-
puted as

Ai = ri −mean({rj}Gj=1), (1)

and this advantage is distributed uniformly across
all tokens in R(i).
Learning objective. GRPO follows Proximal Pol-
icy Optimization (PPO) (Schulman et al., 2017)
and optimizes a clipped surrogate objective with
KL regularization toward a reference policy πref:

LGRPO(θ) = EQ,{R(i)}

[
1

G

G∑

i=1

1

|R(i)|

|R(i)|∑

k=1

min
(
ρki Ai, clip(ρ

k
i , 1− ε, 1 + ε)Ai

)

− β DKL(πθ(· | Q) ∥πref(· | Q))

]
,

(2)
where

ρki =
πθ(R

(i),k | Q,R(i),<k)

πθold(R
(i),k | Q,R(i),<k)

(3)
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Figure 2: Illustration of the denoising process reward (DPR). We estimate the contribution of intermediate denoising
steps by comparing outcome rewards from rollouts initialized at different timesteps. Larger differences indicate
greater impact on the final answer.

denotes the token-level likelihood ratio. In the
MdLLM setting, GRPO is adapted by approxi-
mating sequence likelihoods with a mean-field as-
sumption that factorizes them into independent per-
token probabilities, as in diffu-GRPO (Zhao et al.,
2025a).

3.2 Policy Optimization with Denoising
Process Rewards

A key limitation of outcome-only policy optimiza-
tion is that it provides no signal about how inter-
mediate denoising steps are used, allowing correct
answers to be produced despite uninformative or
unstable denoising trajectories (Figure 1). While
process-level supervision is a natural remedy, di-
rectly applying process reward models (PRMs) to
MdLLMs is unreliable, as intermediate diffusion
states are partially specified and unordered, lead-
ing to noisy and unstable supervision (Figure 5,
Table 4).

To address this, we introduce the denoising pro-
cess reward (DPR), which provides a stable su-
pervision signal over intermediate denoising steps
and can be efficiently integrated into the GRPO
framework.
Definition. Given a complete reasoning response
R(j), our goal is to evaluate the quality of the
reasoning process and assign positive rewards to
encourage the model to learn reasoning patterns
that contribute to correct final answers. To this
end, we decompose the denoising trajectory into
segments defined by intermediate denoising steps,
where each segment represents the progress made
between two timesteps in the denoising process.

To measure the contribution of a denoising seg-
ment, we leverage the efficient parallel-decoding

property of MdLLMs, which allows the model to
complete generation from intermediate denoising
states fast. Specifically, we ask the model to com-
plete generation from the two endpoints of a seg-
ment and compare the resulting outcome accura-
cies. If completing from a later intermediate state
yields a higher probability of producing a correct
final answer than completing from an earlier state,
then the denoising steps within that segment con-
tribute positively and should be reinforced during
training.

Based on this insight, we define the denoising
process reward over the entire denoising trajectory,
corresponding to the full interval from t = T to t =
0. Let {xt}Tt=0 denote the denoising states along
this trajectory. We account for the interval [0, T ] by
aggregating contributions from all denoising sub-
intervals (t1, t2) ⊆ [0, T ] with 0 ≤ t1 < t2 ≤ T .

For each sub-interval, we generate complete re-
sponse rollouts by continuing denoising from the
intermediate states at timesteps t1 and t2, yielding
rollout sets {R(j)(xt1)}Nj=1 and {R(j)(xt2)}Nj=1.
The full denoising process reward for the current
response is then defined as

Rfull =
∑

0≤t1<t2≤T

(
1

N1

N∑

j=1

1
[
R(j)(xt1)

]

− 1

N2

N∑

j=1

1
[
R(j)(xt2)

])
,

(4)

where 1[·] indicates final answer correctness. In-
tuitively, this formulation attributes credit to de-
noising steps based on how much they improve
the model’s probability of reaching a correct final
answer, as estimated via Monte Carlo sampling.

42706



By aggregating contributions across all denoising
sub-intervals, Rfull provides a trajectory-level sig-
nal that rewards reasoning processes which consis-
tently guide generation toward correct solutions.
Efficient Estimation of DPR via Reusing Roll-
outs. Although Eq. 4 defines DPR as an aggre-
gation over all denoising sub-intervals along the
trajectory, directly computing this quantity would
require rollouts from many intermediate states and
is therefore impractical. In practice, we adopt a
stochastic and efficient estimator that reuses roll-
outs already generated during training.

Specifically, we fix the later endpoint of the in-
terval to the fully masked initial state, i.e., t2 = T .
Rollouts from xT correspond to standard genera-
tions conditioned only on the input question Q and
are already available when computing outcome-
based rewards in GRPO. We then sample a single
timestep t1 ∈ {0, . . . , T − 1} and evaluate the con-
tribution of denoising steps up to t1 by comparing
outcomes from completions starting at xt1 and xT .

Under this approximation, the denoising process
reward used for learning is given by

Rprocess := Rfull(t1, T ), (5)

which provides an efficient stochastic estimate of
the contribution of intermediate denoising steps
while incurring only a single additional rollout
from the intermediate state. By sampling differ-
ent values of t1 across training updates, this esti-
mator captures supervision over the full denoising
trajectory in expectation and achieves competitive
performance compared to the full reward, as shown
in Table 4.
Integrating DPR via Up-Weighted Advantages.
In GRPO, advantages are computed from normal-
ized rewards within a minibatch (Eq. 1). If the
denoising process reward were incorporated as a
regular reward term, this normalization could over-
penalize correct responses that exhibit weaker in-
termediate denoising progress, assigning them neg-
ative advantages despite producing correct final
answers. This behavior is undesirable, as correct-
ness must remain the primary learning criterion,
with reasoning quality used only to refine learning
among correct solutions.

To address this issue, we integrate DPR through
an up-weighted advantage formulation that condi-
tions process supervision on outcome correctness.
For a rollout R(i) with GRPO advantage Ai, we

define the total advantage as

Atotal
i = Ai + 1[Ai > 0] ·Rprocess. (6)

Under this formulation, DPR selectively increases
the gradient contribution of correct rollouts with
better intermediate reasoning, while leaving the
advantages of other rollouts unchanged. This up-
weighting strategy avoids over-penalizing correct
responses or rewarding incorrect ones, and leads to
improved performance, as shown in Table 4.

4 Experiments
In this section, we present a comprehensive empir-
ical evaluation of the proposed denoising process
reward.

4.1 Setup

We build our model on top of diffu-GRPO (Zhao
et al., 2025a) and adopt the same experimental
setup unless otherwise specified. We provide im-
plementation details in the Appendix.A.
Datasets. We evaluate on four benchmarks: (1)
GSM8K (Cobbe et al., 2021), using 7,374 train-
ing and 1,319 test problems; (2) MATH (Lightman
et al., 2023), with 7,500 training and 500 test prob-
lems; (3) COUNTDOWN (Pan et al., 2025), a syn-
thetic dataset of 490K training and 256 test samples
requiring arithmetic expression generation; and (4)
SUDOKU (Black-Phoenix, 2024), 4 × 4 puzzles
evaluated on a 256-sample split.
Baselines. We compare against recent state-of-the-
art MdLLMs: LLaDA (Nie et al., 2025), Diffu-
GRPO (Zhao et al., 2025a), TSE (Wang et al.,
2025c), and WINO (Hong et al., 2025).

4.2 Results

Superior benchmark performance. Table 1
reports performance across tasks and sequence
lengths. We first observe that diffu-GRPO con-
sistently outperforms LLaDA (e.g., 79.8 vs. 76.7
on GSM8K at length 256), highlighting the im-
portance of reinforcement learning for improving
performance. However, diffu-GRPO lacks process-
level supervision, which can lead to less meaning-
ful intermediate reasoning (e.g., Fig. 1) and limit
downstream gains. In contrast, our proposed DPR
explicitly incorporates process-level supervision
via an efficient estimator, resulting in substantially
stronger performance. In particular, on COUNT-
DOWN we outperform diffu-GRPO by a large mar-
gin (e.g., 56.3 vs. 37.1 at length 512).

On MATH, our method is slightly weaker at
shorter sequence lengths (32.0 vs. 33.2 at 128).
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Figure 3: Model reasoning–outcome alignment ratio across different sequence lengths on COUNTDOWN and
GSM8K. We compare our method (Ours) with diffu-GRPO and LLaDA. Higher alignment ratios indicate that
intermediate reasoning steps more consistently lead to correct final answers. Our method achieves the highest
alignment across all sequence lengths on both benchmarks, demonstrating that the proposed DPR improves the
consistency between reasoning trajectories and final outcomes.

Model \ Seq Len COUNTDOWN GSM8K SUDOKU MATH

128 256 512 128 256 512 128 256 512 128 256 512

LLaDA 20.7 19.5 16.0 68.7 76.7 78.2 11.7 6.7 5.5 26.0 32.4 36.2

diffu-GRPO 33.2 31.3 37.1 72.6 79.8 81.9 18.4 12.9 11.0 33.2 37.2 39.2
TSE 25.0 23.4 16.4 70.1 78.7 78.9 × × × 28.4 35.6 36.2
WINO – 33.2 – – 75.8 – – 15.2 – – 34.2 –

diffu-GRPO+PRM × × × 71.7 80.9 81.5 × × × 30.8 36.0 36.0

Ours 51.6 52.0 56.3 72.9 82.2 82.4 22.4 20.3 16.1 32.0 40.0 38.4

Table 1: Performance comparison on COUNTDOWN, GSM8K, SUDOKU, and MATH at different sequence
lengths. “–” denotes unreported results; “×” denotes unsupported tasks.

Given the intrinsic difficulty of the MATH bench-
mark and the fact that all methods are trained under
the same LoRA finetuning setting for fair compar-
ison, improvements on this dataset are inherently
challenging. Notably, even the strongest methods
remain below 40.0 at 256 tokens under this setting.

Overall, our method delivers superior results
across challenging settings, demonstrating the ef-
fectiveness of improving reasoning at the process
level.
Alignment of reasoning process and final an-
swer. To assess how well MdLLMs produce inter-
mediate reasoning that is consistent with the final
answer, we analyze the alignment between the rea-
soning process and the output. Specifically, we
input generations from LLaDA (Nie et al., 2025),
diffu-GRPO (Zhao et al., 2025a), and our model
into GPT-5, asking it to evaluate “whether a user
can reach the final answer by following the reason-
ing step by step.” Results on the COUNTDOWN

and GSM8K datasets are shown in Fig. 3. Our
method achieves substantially higher alignment ra-
tios across both datasets. This large improvement
helps explain the performance gains in Table 1,
as our proposed reward explicitly encourages the
model to maintain consistency between reasoning
steps and final answers through the diffusion-based
generation process. We also provide example out-
puts in Fig. 4, where LLaDA and diffu-GRPO ex-
hibit less coherent reasoning and produce incorrect
answers.
Comparison with naïve AR-PRM transfer. Since
our approach provides process-level supervision
through denoising process rewards, it is impor-
tant to compare it with a widely used alternative:
employing a pretrained AR-PRM as the training-
time reward. To this end, we adopt the pretrained
Mistral-7B PRM from (Zhang et al., 2024b). Fol-
lowing prior practice, we insert reasoning-step tags
every 16 timesteps during masked-token decoding,
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Problem:Using only the provided numbers [72,69,9], create an arithmetic expression
evaluates to exactly the target number 61

To achieve the target of 13 using the
numbers 72, 68, and 9, we need to find a
combination of operations that, when
applied to these numbers, result in 13.
 We can start by considering the basic
operations and their effects. 
One approach is to use the numbers and
to see if we can reach the target by
using a combination subtraction and
addition. 
We's try if we can use 72 and 68 to get
13.
</reasoning>
<answer>
\boxed{72 - 68}
</answer><|eot_id|><|endoftext|>

To achieve the target of 13 using
the numbers 72, 68, and 9, we need
to find a combination of
operations that, when applied to
these numbers, result in 13.
 We can start by considering the
basic operations and their
effects. One approach is to use
the subtraction operation to break
down the problem into manageable
parts. We can also consider the
and operation to combine the
numbers in a way that simplifies
us closer to target.
</reasoning>
<answer>
\boxed{72 - 68 + 9 + 9}
</answer><|eot_id|><|endoftext|>

To create an arithmetic
expression that evaluates to
exactly the target number 13
using the numbers 72, 68, and 9,
we need to consider the
operations +, -, *, and /. Let's
try different combinations:

1. 72 - 68 = 4
2. 4 + 9 = 13

So, the expression 72 - 68 + 9
evaluates to 13.
</reasoning>
<answer>
\boxed{72 - 68 + 9}
</answer><|eot_id|><|endoftext|>

LLaDA diffu-GRPO Ours
Answer:
Reasoning:

Answer:
Reasoning:

Answer:
Reasoning:

Figure 4: Comparison of generated responses across models. LLaDA (Nie et al., 2025) and diffu-GRPO (Zhao
et al., 2025a) both produce incorrect answers to the evaluation question. LLaDA’s response includes a brief but
partially meaningful reasoning step toward the end, whereas diffu-GRPO continues generating verbose sentences
that contribute little to the final prediction. In contrast, our model provides a structured reasoning process and
successfully arrives at the correct answer. This highlights that optimizing solely for accuracy-based rewards may
lead to sub-optimal outcomes, as such rewards overlook the quality and coherence of reasoning within the response.
Additional sample comparisons are provided in Fig. 9 and Fig. 10 in Appendix D.

feed the resulting sequence into the PRM, and com-
pute the process reward as the average PRM score
over timestep intervals.

Despite Zhang et al. (2024b) being effective for
test-time selection, we observe several significant
challenges when using them as training-time re-
wards for dLLM policy optimization (Fig. 5). First,
memory and runtime overhead: unlike our ap-
proach, which reuses the training model to compute
rewards, the pretrained PRM introduces substan-
tial GPU and CPU memory consumption, resulting
in significantly slower training. Second, training
instability: generated responses frequently cause
the PRM to produce NaN values, likely due to its
reliance on strictly formatted sequential outputs,
whereas the intermediate reasoning produced by
dLLMs does not consistently follow such structure.
Third, reward hacking: although the PRM reward
increases steadily during training, task performance
does not improve, indicating that the policy learns
to exploit weaknesses in the PRM scoring function
rather than developing better reasoning.

These issues are reflected in downstream perfor-
mance. As shown in Table 1, diffu-GRPO+PRM
achieves scores of 71.7, 80.9, and 81.5 on GSM8K

at sequence lengths 128, 256, and 512, respectively,
compared to 72.6, 79.8, and 81.9 for diffu-GRPO.
In contrast, our method further improves perfor-
mance to 72.9, 82.2, and 82.4. These results in-
dicate that directly applying AR-style PRM medi-
ation to masked diffusion models is challenging
in practice. Moreover, adapting PRMs to masked
denoising trajectories introduces additional difficul-
ties, such as designing supervision without human
annotation, maintaining stability under partially
masked states, and preventing reward–accuracy de-
coupling. DPR offers an alternative by deriving
supervision directly from denoising rollouts, elim-
inating the need for an auxiliary learned reward
model. By using final prediction accuracy as a
surrogate signal, it also reduces the risk of reward
hacking compared to PRM.

The proposed reward is effectively learned and
facilitates training. We visualize the training re-
wards of diffu-GRPO (Zhao et al., 2025a) and our
model in Fig. 6. Our method consistently achieves
higher total rewards—which combine both accu-
racy and format rewards—explaining the substan-
tial performance gains observed on these datasets.
We further present the reward training curves in
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Figure 5: Two failure modes arise when using a pretrained PRM as the training-time reward: instability and potential
reward hacking. Unlike our rule-based reward, the PRM must process the entire model-generated response through
a large pretrained network. As a result, it frequently encounters unseen or irregular response formats, which can lead
to numerical instabilities and NaN outputs. Moreover, as illustrated for the MATH dataset on the right, although the
PRM score increases steadily during training, the task accuracy decreases. This divergence indicates that the model
learns to exploit weaknesses in the PRM scoring function rather than improving its underlying reasoning quality.
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Figure 6: Reward curves during GRPO training.
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Figure 7: The training curve of our proposed reward.

Fig. 7. The upward trend indicates that the model
learns to favor responses yielding correct answers
while adhering to reasoning processes that support
the final outcome.

Our model demonstrates strong generalization
ability. To thoroughly examine the proposed frame-
work, we further evaluate our models on two un-
seen datasets: SVAMP (Patel et al., 2021) and
ARC (Clark et al., 2018). The SVAMP dataset
consists of numerous mathematical reasoning prob-
lems, while the ARC dataset focuses on common-
sense reasoning tasks (e.g., “When oxygen com-
bines with hydrogen, which substance is formed?”),
where the model must select the correct answer
from multiple choices. Notably, ARC is funda-
mentally different from our training datasets (e.g.,
GSM8K). Our model noticeably improves perfor-
mance on both SVAMP and ARC.

Our method enables further acceleration
through higher intermediate accuracy. Accel-
erating MdLLMs has been an active area of re-
search (Li et al., 2025; Hong et al., 2025; He et al.,
2025). Many approaches rely on the quality of
intermediate responses: if these responses are ac-
curate and contribute meaningfully to the final an-
swer, generation can be accelerated. For instance,
Prophet (Li et al., 2025) decides whether to decode
all remaining tokens in a single step. Motivated
by this, we analyze the accuracy of intermediate

responses produced by our method. Specifically,
during diffusion denoising, at each step, we ad-
ditionally generate an answer by unmasking all
remaining tokens at once. This gives us interme-
diate answers at every step, in addition to the final
output obtained from fully decoding the masked
sequence. We present quantitative results in Ta-
ble 3, and provide additional qualitative examples
in Fig. 11 in Appendix D. Across both datasets,
our method achieves higher intermediate accuracy,
suggesting that it may offer advantages over diffu-
GRPO (Zhao et al., 2025a) when combined with
MdLLM acceleration techniques.

Ablation study on model design. We analyze the
impact of key design choices in DPR through a set
of ablations. Ours-NoUpweight removes the up-
weighting strategy and applies the process reward
uniformly to all samples. Ours-Cover computes
the process reward over all timestep intervals, cor-
responding to the exact aggregation in Eq. 4. Ours-
Random samples t2 uniformly at random instead
of fixing t2 = T . Results on the COUNTDOWN
dataset are reported in Table 4.

The results highlight the role of each compo-
nent. Ours-NoUpweight already substantially out-
performs diffu-GRPO, indicating that the proposed
denoising process reward is effective even without
the up-weighting mechanism. Ours-Cover achieves
the highest overall accuracy, but incurs significantly
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Model Training SVAMP ARC

LLaDA – 83.3 90.2

diffu-GRPO GSM8K 83.0 89.8
Ours GSM8K 84.0 90.2

diffu-GRPO MATH 83.7 91.8
Ours MATH 85.7 93.0

diffu-GRPO COUNTDOWN 84.0 90.6
Ours COUNTDOWN 84.0 87.5

diffu-GRPO SUDOKU 85.0 91.0
Ours SUDOKU 86.7 90.6

Table 2: Generalization ability comparison. The models
are evaluated on unseen datasets: SVAMP (Patel et al.,
2021) and ARC (Clark et al., 2018).

Step COUNTDOWN GSM8K

diffu-GRPO Ours diffu-GRPO Ours

1 1.56 1.17 12.81 16.53
8 2.73 1.56 9.48 16.91
16 3.12 2.34 13.04 19.33
24 4.69 1.95 17.21 21.61

32 6.64 27.34 24.26 30.86
40 12.50 33.98 39.27 41.17
48 19.53 37.11 49.96 50.57

64 33.2 51.6 72.6 72.9

Table 3: Accuracy of intermediate answers (sequence
length 128, 64 diffusion steps). Intermediate answers
are obtained by decoding up to a target step and then
completing in one pass.

Model COUNTDOWN sec/it
128 256 512

diffu-GRPO 33.2 31.3 37.1 3.19

diffu-GRPO+PRM – – – 7.58

Ours-NoUpweight 41.0 41.4 50.4 3.42
Ours-Cover 55.1 59.4 58.2 6.23
Ours-Random 55.4 54.7 59.8 4.76

Ours 51.6 52.0 56.3 3.42

Table 4: Ablation of design choices and efficiency. Ours
achieves comparable performance while substantially
reducing computational cost.
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Figure 8: Ablation study on the effect of the number of
samples (N ) for reward estimation on COUNTDOWN.
When N ≥ 3, performance becomes stable, demonstrat-
ing the robustness of DPR. Dashed lines denote LLaDA
at corresponding sequence lengths, which is consistently
outperformed.

higher training cost due to evaluating all timestep
intervals. Ours-Random attains comparable accu-
racy, but remains slower than our method because it
requires additional forward passes and cannot reuse
final completions. Our full method (Ours) closely
matches the performance of both Ours-Cover and
Ours-Random, while maintaining training speed
comparable to diffu-GRPO.
Effect of the number of samples on the reward.
Our DPR is based on an averaged estimation of the
accuracy of generated responses. To assess its relia-
bility, we perform an ablation study by varying the
number of samples, N ∈ {1, 3, 6, 9}. As illustrated
in Fig. 8, when N = 1, the estimation becomes noisy
and leads to suboptimal performance. In contrast,
when N ≥ 3, we observe substantial improvements
over both baseline methods, LLaDA (Nie et al.,
2025) and diffu-GRPO (Zhao et al., 2025a), across
sequence lengths of 128, 256, and 512. We adopt

N = 3 in our main experiments. These results
highlight the robustness of our proposed reward
under different parameters.

5 Conclusion
We address the challenge of training diffusion lan-
guage models for complex reasoning, where the
absence of process-level supervision often results
in poorly structured use of denoising steps. We
show that supervision can be derived directly from
the denoising trajectory itself, without external re-
ward models or human annotation. By encourag-
ing denoising steps to contribute meaningfully to
the final prediction, our approach leads to more
coherent reasoning behavior and more reliable gen-
eration. Experiments demonstrate consistent im-
provements on challenging reasoning benchmarks,
stronger alignment between intermediate reasoning
and final answers, and improved generation quality.
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Limitations
Mean-field approximation. Our method relies
on the mean-field assumption adopted in diffu-
GRPO (Zhao et al., 2025a) to estimate the log-
likelihood of generated responses. This approx-
imation treats token predictions as conditionally
independent, thereby neglecting token-level depen-
dencies. This is a known limitation of current
reinforcement learning approaches for diffusion
language models. Unlike autoregressive models,
where the chain rule provides an exact factorization
of sequence likelihoods, masked diffusion language
models do not admit a tractable decomposition over
partially observed intermediate states. Removing
this assumption would require fundamentally new
inference or training mechanisms capable of mod-
eling joint token dependencies during denoising.

From a practical perspective, this approximation
is closely tied to computational efficiency. More
expressive likelihood estimators that capture token
interactions would significantly increase inference
cost and memory consumption, limiting scalability.
Consequently, our approach, like prior work, relies
on this approximation to remain tractable. Devel-
oping methods that relax the mean-field assump-
tion while preserving efficiency, such as structured
variational approximations, alternative diffusion
parameterizations, or hybrid decoding schemes, re-
mains an important direction for future work.
Approximation in DPR estimation. Another limi-
tation arises from the approximation gap between
the full formulation in Eq. 4 and the efficient es-
timator used in practice, where t2 = T in Eq. 5.
While this simplification enables efficient compu-
tation, it may introduce bias and lead to occasional
failure cases. Designing more accurate yet effi-
cient estimators is an important direction for future
work.

Ethical considerations
Although DPR reduces the need for costly human-
labeled process rewards, it does not eliminate the
risk of biases inherited from the underlying train-

ing data or evaluation benchmarks. The intrinsic
rewards derived from the model’s denoising dynam-
ics may reinforce spurious correlations or reason-
ing patterns that perform well on benchmarks but
are misaligned with human values or real-world rea-
soning norms, and care should therefore be taken
when deploying DPR-trained models in high-stakes
domains such as legal, medical, or policy decision-
making. Moreover, DPR is intended as a general
optimization framework and does not inherently
encode ethical constraints or safety objectives; fu-
ture work could explore integrating explicit safety-
aware or value-aligned objectives into the step-
aware reward formulation, as well as evaluating
the method across a broader range of tasks and pop-
ulations to better understand its societal impacts.

LLM usages.
Large Language Models (LLMs) were used solely
for polishing the writing and improving the clar-
ity of presentation. All ideas, analyses, results,
and conclusions are original contributions of the
authors.
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Appendix
A Implementation
The training code is provided in the supplementary
material.

We build our model on top of the diffu-GRPO
codebase (Zhao et al., 2025a) and apply GRPO to
LLaDA-8B-Instruct (Nie et al., 2025). Following
diffu-GRPO, we generate 6 rollouts per problem
with a temperature of 0.9 and perform 12 update
iterations per step (for SUDOKU, we use a temper-
ature of 0.3 with 8 iterations). The model is trained
using LoRA with rank 128 in 4-bit precision and
evaluated in float16 precision. The learning rate is
set to 3 × 10−6 with 600 warm-up steps. It takes
around 72 hours on 8 modern GPU for each dataset.
During evaluation, we use zero-shot prompting and
greedy decoding with generation lengths of 128,
256, and 512 tokens, consistent with diffu-GRPO.
For fair comparison, following the evaluation pro-
tocol of diffu-GRPO (Zhao et al., 2025a), we evalu-
ate model checkpoints every 100 training steps and
report the best-performing result.

To compute the denoising process reward during
training, we sample a single intermediate timestep
along the denoising trajectory of each rollout. At
this timestep, we extract the partially denoised se-
quence containing the currently generated text to-
kens. We then append 64 additional mask tokens
to this partial sequence and feed the extended input
back into the model, which continues generation
through iterative denoising. Empirically, we find
that using 64 mask tokens provides a good trade-off
between computational efficiency and performance
across benchmarks.

After generation, we compute two quantities: (i)
the accuracy of the original rollouts generated from
the fully masked initial state, which reflects the
model’s baseline performance on the input ques-
tion, and (ii) the accuracy of the completions gen-
erated from the intermediate denoising state. The
denoising process reward is defined as the differ-
ence between these two accuracies, capturing how
intermediate denoising progress improves the prob-
ability of producing a correct final answer.

B Additional Analysis
Ablation results on the scaling of process reward
In the main experiments, we used a fixed scaling
factor of 1.0 for the proposed process reward. We
conduct additional ablation studies with alternative
scaling factors (0.1, 0.5, 1.5, and 2.0) to better un-

Scale 128 256 512

LLaDA 20.7 19.5 16.0
diffu-GRPO (scale = 0) 33.2 31.3 37.1
scale = 0.1 37.5 35.9 41.8
scale = 0.5 38.3 44.1 46.9
scale = 1.0 51.6 52.0 56.3
scale = 1.5 57.0 66.8 60.2
scale = 2.0 62.1 64.8 62.1

Table 5: Ablation study on the scaling factor of the
proposed process reward.

derstand the impact of reward integration strength.
The results are summarized in Table 5.

We observe a consistent performance improve-
ment as the scaling factor increases from 0 to
1.0, indicating that incorporating the process re-
ward substantially enhances learning. Interestingly,
when the scaling factor exceeds 1.0, performance
improves further, with the best results achieved at
scale = 2.0 for the 128 and 512 settings, and at
scale = 1.5 for the 256 setting.

These findings suggest that stronger integration
of the proposed process reward can further amplify
performance gains, highlighting both its effective-
ness and robustness. Overall, this ablation study
demonstrates that the proposed reward mechanism
provides consistent and scalable benefits across dif-
ferent configurations.
Additional FLOPs Analysis We provide a detailed
breakdown of the computational cost of our method.
The dominant contribution arises from the 12 inner
policy gradient iterations (num_iterations = 12),
which account for approximately 54% of the total
FLOPs.

The DPR reward introduces additional sampling
of num_rep short completions conditioned on in-
termediate denoising states and gen_blocks to de-
cide the completion length. As shown in Table.6,
DPR only causes small overhead compared to the
baseline diffu-GRPO.

C Discussion on Diffusion-Specific PRMs
Training a diffusion-specific process reward model
(PRM) presents significant challenges. To the best
of our knowledge, there is currently no established
framework for training PRMs on masked diffusion
denoising trajectories. As we elaborate below, de-
signing such a framework involves several funda-
mental difficulties. In contrast, our proposed DPR
provides a more direct, efficient, and robust alter-
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Component GFLOPs % of Baseline

Base generation (128 denoising steps) 934,272 68.1%
Log-prob computation (×12 iters) 87,552 6.4%
Reference log-prob (×12 iters) 87,552 6.4%
Policy forward + backward (×12 iters) 262,656 19.1%

Subtotal (baseline DiffuGRPO) 1,372,032 100%

DPR overhead by configuration:
gen_blocks=2, num_rep=3 ∼ 151,142 +11.0%
gen_blocks=1, num_rep=3 ∼ 136,397 +9.9%
gen_blocks=2, num_rep=2 ∼ 100,762 +7.3%
gen_blocks=1, num_rep=2 ∼ 90,931 +6.6%

Table 6: Per-sequence FLOPs breakdown for LLaDA-8B (N=8× 109, sequence length L=456 with prompt 200 +
completion 256). Forward pass counted as 2NL FLOPs, forward+backward as 6NL FLOPs.

native for improving reasoning quality. Given the
same supervision upper bound (i.e., completion
success probability), DPR avoids auxiliary reward
models, additional training stages, and memory
overhead.
(1) Annotation and Supervision Upper Bound.
Due to parallel decoding and partially masked inter-
mediate states in masked diffusion language mod-
els (MdLLMs), human annotation of denoising tra-
jectories would be prohibitively expensive. As a
result, a diffusion-specific PRM would likely rely
on automatic supervision signals, such as comple-
tion success rate (e.g., similar to Math-Shepherd).

Under this setup, the PRM effectively learns to
approximate the same Monte Carlo success sig-
nal that DPR computes directly online. Therefore,
both approaches share the same supervision upper
bound, since they are grounded in completion suc-
cess probability. The key distinction is that DPR
computes this signal explicitly, whereas a PRM
introduces an additional learned approximation.
(2) Total System Cost. A fair comparison must
account for the total training pipeline cost:

Sampling cost. A PRM requires collecting
response–reward pairs for reward model training.
This necessitates at least as many rollouts as DPR’s
additional sampling and cannot reuse GRPO roll-
outs in the same manner.

PRM training cost. The reward model must be
trained separately for each dataset, incurring addi-
tional GPU time beyond policy optimization. Ta-
ble 7 reports the training cost for 10 epochs on a
100K response–reward dataset using Mistral-7B
with AdamW. We use the largest batch size that
fits on a 64GB GPU and apply LoRA to q_proj,

LoRA Rank GPU Hours

16 53.3
64 60.4
256 74.7

Table 7: PRM training cost (Mistral-7B, 100K samples,
10 epochs).

Model GPU Hours

Qwen3-0.6B 24.0
Qwen3-1.7B 49.3
Qwen3-4B 110.7

Table 8: Training cost of smaller reward models (full
fine-tuning).

k_proj, v_proj, o_proj, gate_proj, up_proj,
and down_proj.

To provide a more comprehensive view of train-
ing cost, we also report results for smaller fully
fine-tuned models in Table 8.

Inference cost. During RL updates, reward com-
putation with a PRM requires an additional forward
pass through a large model, increasing both latency
and memory usage. In contrast, DPR computes
rewards directly via rule-based evaluation on de-
noising rollouts.

Memory overhead. A 7B reward model in
bfloat16 requires approximately 14GB of GPU
memory, which constrains batch size and rollout
count during training.

Overall, DPR avoids these costs by directly com-
puting process rewards without introducing auxil-
iary parameters or a separate optimization phase.
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(3) Additional Risks. A learned PRM introduces
a proxy model that may be exploited during opti-
mization (e.g., as illustrated in Figure 4). Further-
more, as a parametric model, a PRM may exhibit
instability or unpredictable behavior under rare or
out-of-distribution reasoning patterns.
Summary. Motivated by these considerations, we
position DPR as a simpler and more efficient alter-
native to diffusion-specific PRMs.

D Additional Examples
We provide additional qualitative comparisons in
this section. In Fig. 9 and Fig. 10, we present
sample comparisons on the COUNTDOWN and
SUDOKU datasets with mask lengths 128 and 512,
respectively. We observe that our method consis-
tently produces more coherent and higher-quality
reasoning than diffu-GRPO. In contrast, diffu-
GRPO often generates meaningless or irrelevant
reasoning and then abruptly jumps to a final an-
swer. As a consequence, its final predictions can
be fragile and highly sensitive to small errors.

For example, in the fourth example of Fig. 9,
the reasoning produced by diffu-GRPO consists
of unrelated words that do not contribute to solv-
ing the problem. The model then suddenly outputs
an answer; however, it produces the incorrect re-
sult 92 − 17 − 17, which is numerically close to
the correct expression 92− 17− 77 but still fails.
Such failures highlight the necessity of encourag-
ing prediction-making that meaningfully utilizes
intermediate reasoning steps during the generation
process.

Furthermore, we present GSM8K examples with
intermediate decoding at step 32 in Fig. 11. No-
tably, even though all mask tokens are decoded
at an early stage (step 32, compared to 64 steps
required for full decoding), our method already
produces a substantial amount of correct, coherent,
and well-structured reasoning. In contrast, diffu-
GRPO often exhibits incomplete or flawed reason-
ing at this early stage, which leads to incorrect or
unstable final predictions.

As a result, our method achieves higher predic-
tion accuracy than diffu-GRPO even under early
decoding. This behavior suggests that our approach
is more robust to reduced decoding steps and can
better leverage partial generation. Consequently,
our method is more suitable than diffu-GRPO for
integration with existing diffusion-based LLM ac-
celeration techniques, where early stopping or par-
tial decoding is critical for improving efficiency.

E License of Used Code and Datasets
The GSM8K dataset (Cobbe et al., 2021) and the
MATH dataset (Lightman et al., 2023) are released
under the MIT License. We obtain the COUNT-
DOWN and SUDOKU datasets from the repository
of diffu-GRPO (Zhao et al., 2025a). The COUNT-
DOWN dataset is released under the Apache Li-
cense 2.0, and the codebase of diffu-GRPO is also
licensed under Apache License 2.0. These licenses
permit use for academic research purposes.

Our use of the GSM8K, MATH, COUNT-
DOWN, and SUDOKU datasets, as well as the
diffu-GRPO codebase, is consistent with their in-
tended use for research, benchmarking, and method
development in machine learning.
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Example 1: Numbers: [10, 36, 8] Target: 38
Model diffu-GRPO Ours
Generation \nTo reach the target of 38 using the numbers 10, 36, and

8, we need to find a combination of operations that, when
applied to these numbers, result in 38. We can start
by considering the operations of addition, subtraction,
multiplication, and division. We can try different
combinations of numbers and operations to see if we can
reach the target.\n </reasoning>\n <answer>\n \\boxed{36 -
10 + 8}\n </answer><|eot_id|>|>

\nTo create an arithmetic expression that evaluates to
exactly the target number 38 using the numbers 10, 36, and
8, we need to consider the operations +, -, *, and /. Let’s
try different combinations:\n \n 1. 36 + 8 - 10 = 34\n
2. 36 - 8 + 10 = 38\n \nThe combination that works is
36 - 8 + 10. \n \n </reasoning>\n \n \\boxed{36 - 8 +
10}<|eot_id|><|endoftext|>

Evaluation Answer: ✗ Reasoning: ✗ Answer: ✓ Reasoning: ✓

Example 2: Numbers: [12, 71, 32] Target: 91
Model diffu-GRPO Ours
Generation \nTo reach the target of 91 using the numbers 12, 71, and 32,

we need to find the correct combination of operations. Let’s
start by considering the largest number, 71, and see if we
can combine it with the other numbers to get 91. We can try
adding 71 and 12, which gives us 83. Then, subtracting
32 from 83 gives us 91.\n </reasoning>\n <answer>\n
\\boxed{71+12-32}\n </answer><|eot_id|><|endoftext|>

\nTo find an arithmetic expression that evaluates to exactly
91 using the numbers 12, 71, 32, we need to consider
the operations +, -, *, and /. Let’s try different
combinations:\n \n 1. 71 + 32 - 12 = 91\n \n .\n \nThis
, we with the expression 71 + 32 - 12, which evaluates to
exactly 91.\n </reasoning>\n <answer>\n \\boxed{71 + 32 -
12}\n </answer><|eot_id|><|endoftext|>

Evaluation Answer: ✗ Reasoning: ✗ Answer: ✓ Reasoning: ✓

Example 3: Numbers: [14, 69, 24] Target: 31
Model diffu-GRPO Ours
Generation \nTo find an expression that evaluates to 31 using the

numbers 14, 69, and 24, we can to start with the largest
number and subtract to get the closest number. We can use
69 - 14 = 55, which is close to 31. Then, we can subtract
24 from 55 to get 31. Therefore, the expression is 69
- 14 - 24.\n </reasoning>\n <answer>\n \\boxed{69-14-24\n
</answer><|eot_id|><|endoftext|> }

\nTo create an arithmetic expression that evaluates to
exactly the target number 31 using the numbers 14, 69,
and 24, we need to consider the operations +, -, *, and
/. Let’s try different combinations:\n \n 1. 69 - 24
- 14 = 31\n \nThis combination uses each number exactly
once and evaluates to the target number 31. Therefore,
the expression is meets.\n </reasoning>\n \n <answer>\n
\\boxed{69 - 24 - 14}\n </answer><|eot_id|><|endoftext|>

Evaluation Answer: ✗ Reasoning: ✓ Answer: ✓ Reasoning: ✓

Example 4: Numbers: [15, 78, 62] Target: 1
Model diffu-GRPO Ours
Generation \nTo achieve the target of 1 using the numbers 15, 78, and

62, we need to find a combination of operations that, when
applied to these numbers, result in 1. We can start by
considering the properties of division and multiplication.
One way forward is to use the division operation to reduce
the numbers to a smaller that can when multiplied by another
number result in 1. We can also consider the use of to
simplify the numbers further.\n </reasoning>\n <answer>\n
\\boxed{15 * 78 / 62}\n </answer><|eot_id|><|endoftext|>

\nTo create an arithmetic expression that evaluates to
exactly the target number 1 using the numbers 15, 78, and
62, we need to consider the operations +, -, *, and /.
Let’s try different combinations:\n \n 1. 78 - 62 = 16\n
2. 16 - 15 = 1\n \nSo , the expression 78 - 62 - 15
works.\n </reasoning>\n <answer>\n \\boxed{78 - 62 - 15}\n
</answer><|eot_id|><|endoftext|>

Evaluation Answer: ✗ Reasoning: ✗ Answer: ✓ Reasoning: ✓

Example 5: Numbers: [17, 92, 77] Target: 32
Model diffu-GRPO Ours
Generation \nTo reach the target number 32 using the numbers 17,

92, and 77, we need to find a combination of operations
operations that, when applied to these numbers, result in
32. We can start by considering the operations addition
and subtraction, as they are straightforward to use. We
can try to combine the numbers in a way that allows us to
reach the target.\n </reasoning>\n <answer>\n \\boxed{92 -
17 - 17}\n </answer><|eot_id|>

\nTo find an arithmetic expression that evaluates to exactly
32 using the numbers 17, 92, and 77, we need to consider
the operations +, -, *, and /. Let’s try different
combinations:\n \n 1. 92 - 77 + 17 = 32\n \nThis combination
works because the expression (92 - 77) + 17 evaluates to
32. \n \n </reasoning>\n \n <answer>\n \\boxed{(92 - 77) +
17}\n </answer><|eot_id|><|endoftext|>

Evaluation Answer: ✗ Reasoning: ✗ Answer: ✓ Reasoning: ✓

Example 6: Numbers: [20, 28, 19] Target: 67
Model diffu-GRPO Ours
Generation \nTo reach the target of 67 using the numbers 20, 28, and 19,

we need to find the correct combination of operations. Let’s
start by considering the largest number, 28, and see if we
can use it to get the remaining numbers. We can add 20 to 28
to get 48, and then add 19 to 48 to get 67. This combination
uses each number exactly once.\n </reasoning>\n <answer>\n
\\boxed{28+2+19}\n </answer><|eot_id|><|endoftext|>

\nTo find an arithmetic expression that evaluates to exactly
67 using the numbers 20, 28, 19, we need to consider
the operations +, -, *, and /. Let’s try different
combinations:\n \n 1. 20 + 28 + 19 = 67\n \n .\n \n 2, 20 + 28
+ 19 = 67\n \n ,\n \nEach ,\n \n \n </reasoning>\n <answer>\n
\\boxed{20 + 28 + 19}\n </answer><|eot_id|><|endoftext|>

Evaluation Answer: ✗ Reasoning: ✓ Answer: ✓ Reasoning: ✓

Table 9: Examples on the COUNTDOWN dataset with 128 mask tokens where diffu-GRPO prematurely jumps
to a final expression without valid intermediate reasoning, or exhibits incorrect reasoning that violates the task
constraints, while Ours consistently produces correct reasoning processes and valid final answers.
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Example 1: Solve the following Sudoku puzzle: 2000104040233010
Model diffu-GRPO Ours
Generation \nTo solve the 4x4 Sudoku puzzle, we need to fill in the

grid with digits 1-4 such that each row, column, and 2x2
box contains all the digits exactly once. Let’s proceed
step-by-step:\n \n 1. **Identify the constraints**: The
puzzle is a 4x4 grid with digits 1, 2, 3, and 4. The
constraints require each row, column, and 2x2 box to
contain all the digits exactly once.\n \n 2. **Analyze the
initial grid**: The initial grid is \"2000104040233010\".
We need to fill in the empty cells while maintaining the
constraints.\n \n 3. **Fill in the grid**:\n - Start with
the first row: \"2000104040233010\".\n - The the first row
is missing the digits 1, 2, 3, and 4.\n - The the first
column is missing the digits 1, 2, 3, and 4.\n - The first
2x2 box is missing the digits 1, 2, 3, and 4.\n \n 4.
**Complete the grid**:\n - The first row should be filled
in as: \"1234\".\n - The first column should be filled in
as: \"1234\".\n - The first 2x2 box should be filled in
as: \"1234\".\n \n 5. **Verify the solution**:\n - The
first row: \"1234\" contains the digits 1, 2, 3, and 4
exactly once.\n - The first column: \"1234\" contains the
digits 1, 2, 3, and 4 exactly once.\n - The first 2x2 box:
\"1234\" contains the digits 1, 2, 3, and 4 exactly once.\n
\n 6. **Construct the final grid**:\n - The final grid is:
\"21234104040233010\".\n \n </reasoning>\n \n <answer>\n
21234104040233233010\n </answer><|eot_id|><|endoftext|>

\nTo solve the 4x4 Sudoku puzzle, we need to fill in empty
cells with digits 1-4 such that each row, column, and
2x2 box contains all digits exactly once. We can start
by analyzing the given digits and using them to in the
empty cells while maintaining the Sudoku rules.\n \n 1.
**Identify the given digits**: The given digits are 2, 0,
0, 1, 0, 4, 0, 2, 3, 3, 0, 1, 0.\n \n 2. **Fill the grid**:
We need to fill the digits 1-4 in the empty cells such that
each row, column, and 2x2 box contains all digits exactly
once.\n \n 3. **Check the constraints**: After filling the
grid, we need to verify that each row, column, and 2x2
box contains all digits 1-4 exactly once.\n \nLet ’s start
filling the grid:\n \n :\n 2 0 0 0\n 1 0 4 0\n 4 0 2 3\n
3 0 1 0\n :\n \nWe can start by filling the first row and
column:\n \n :\n 2 0 0 0\n 1 0 4 0\n 4 0 2 3\n 3 0 1 0\n
:\n \nNext , we can fill the second row and column:\n \n
:\n 2 0 0 0\n 1 0 4 0\n 4 0 2 3\n 3 0 1 0\n :\n \nFinally
, we can fill the third row and column:\n \n :\n 2 0 0
0\n 1 0 4 0\n 4 0 2 3\n 3 0 1 0\n :\n \nNow , we can
fill the fourth row and column:\n \n :\n 2 0 0 0\n 1 0
4 0\n 4 0 2 3\n 3 0 1 4\n :\n \nAfter filling the grid,
we verify that each row, column, and 2x2 box contains all
digits 1-4 exactly once.\n \n </reasoning>\n <answer>\n
2000104040233014\n </answer><|eot_id|><|endoftext|>

Evaluation Correct cells: 2 / 16 Correct cells: 9 / 16

Example 2: Solve the following Sudoku puzzle: 0040341203010004
Model diffu-GRPO Ours
Generation \nTo solve the 4x4 Sudoku puzzle, we need to fill in the

grid with digits 1-4 such that each row, column, and 2x2
box contains all the digits exactly once. Let’s proceed
step-by-step:\n \n 1. **Identify the constraints**: The
puzzle is a 4x4 grid with digits 1-4. Each row, column,
and 2x2 box must contain all digits exactly once.\n \n
2. **Analyze the given grid**: The initial grid is
\"0040341203010004\".\n \n 3. **Fill the grid row by
row**:\n - The first row: 0, 0, 4, 0, 3, 4, 1, 2, 0,
3, 0, 1, 0, 0, 4\n - The second row: 0, 0, 4, 0, 3, 4,
1, 2, 0, 3, 0, 1, 0, 0, 4\n - The third row: 0, 0, 4, 0,
3, 4, 1, 2, 0, 3, 0, 1, 0, 0, 4\n - The fourth row: 0, 0,
4, 0, 3, 4, 1, 2, 0, 3, 0, 1, 0, 0, 4\n \n 4. **Fill the
grid column by column**:\n - The first column: 0, 0, 4, 0,
3, 4, 1, 2, 0, 3, 0, 1, 0, 0, 4\n - The second column: 0,
0, 4, 0, 3, 4, 1, 2, 0, 3, 0, 1, 0, 0, 4\n \n - The third
column: 0, 0, 4, 0, 3, 4, 1, 2, 0, 3, 0, 1, 0, 0, 4\n \n
<|eot_id|><|endoftext|>

\nTo solve the 4x4 Sudoku puzzle, we need to fill in empty
cells with digits 1-4 such that each row, column, and 2x2
box contains all digits exactly once. We can start by
examining the given puzzle and filling in the cells step
by step.\n \n 1. The first row is \"004034\". We can to
fill in the empty cells with digits 1-4 such that each row,
column, and 2x2 box contains all digits exactly once.\n \n
2. The second row is \"12030\". We can to fill in the empty
cells with digits 1-4 such that each row, column, and 2x2
box contains all digits exactly once.\n \n 3. The third row
is \"10004\". We can to fill in the empty cells with digits
1-4 such that each row, column, and 2x2 box contains all
digits exactly once.\n \n 4. We first fill in the first
row with digits 1-4 such that each row, column, and 2x2
box contains all digits exactly once.\n \n 5. We then
fill in the second row with digits 1-4 such that each row,
column, and 2x2 box contains all digits exactly once.\n \n
6. We then fill in the third row with digits 1-4 such that
each row, column, and 2x2 box contains all digits exactly
once.\n \n 7. We then fill in the first column with digits
1-4 such that each row, column, and 2x2 box contains all
digits exactly once.\n \n 8. We then fill in the second
column with digits 1-4 such that each row, column, and 2x2
box contains all digits exactly once.\n \n 9. We then fill
in the third column with digits 1-4 such that each row,
column, and 2x2 box contains all digits exactly once.\n
\n 10. We then fill in the fourth column with digits 1-4
such that each row, column, and 2x2 box contains all digits
exactly once.\n \nBy following these steps, we can solve
the given 4x4 Sudoku puzzle.\n </reasoning>\n \n <answer>\n
1234411332212234\n </answer><|eot_id|><|endoftext|>

Evaluation Correct cells: 0 / 16 Correct cells: 8 / 16

Table 10: Examples on the SUDOKU dataset with 512 mask tokens where Ours produces solutions closer to the
ground truth than diffu-GRPO.
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Problem: Carver just turned 45 years old, which makes him 5 years less than twice the age of his son. How old is his son, in years?
Model diffu-GRPO Ours
Generation "\nLet \\( x \\) be the age of Carver’s son. According to the

problem, Carver is 45 years old, which is 5 years less than
twice the age of his son. This can be expressed as:\n \\[
45 = 2x - 5 \\]\nSolving for \\( x \\):\n \\[ 55 = 2x = 2 \\
\\]]\\[\\[ = =2 \\ \\]\n \n „ver’s son is 25 \\]\n </</ing>\n
«>\n \\boxed{{5}}\n </answer<|eot_id|><|endoftext|>

\nLet \\( x \\) be the age of Carver’s son. According to the
problem, Carver is 45 years old, which is 5 years less than
twice the age of his son. This can be expressed as:\n \\[ 45
= 2x - 5 \\]\nSolving for \\( x \\):\n \\[ 45 + 5 = 2x \\]\n
\\[ 50 = 2x \\]\n \n „’s son 2 years \\]\n </reasoning>\n
<answer>\n \\boxed{25}\n </answer><|eot_id|><|endoftext|>

Evaluation Answer: ✗ Reasoning: ✗ Answer: ✓ Reasoning: ✓

Problem: Jana has 27 puppies. Two thirds of Jana’s puppies are Pomeranians. One third of the Pomeranians are girls. How many girl Pomeranians does Jana
have?
Model diffu-GRPO Ours
Generation \n First, we need to determine how many Pomeranians Jana

has. Since two thirds of her puppies are Pomeranians, we
calculate:\n \\[\n \\frac{2}{3} \\times 27 = 18\n \\]\n Next,
we find to how many of these are Pomeranians are girls.\n \n
\\[\\[\n \n \\[\\frac11{}{}{}66666666\\]\n </</ing>\n «>\n
\\boxed{66}\n </><|eot_id|><|endoftext|>

\nJana has 27 puppies in total two thirds of them are
Pomeranians, so she has 27 * 2/3 = 18 Pomeranians.\nOne
third of the Pomeranians are girls, so she has 18 * 1/3 = 6
girl Pomeranians.\n </,ing>\n <»6boxed\n 6»<|eot_id|>

Evaluation Answer: ✗ Reasoning: ✗ Answer: ✗ Reasoning: ✓

Problem: Lani baked 55 cookies. She ate 5 five cookies and placed the rest equally into five jars. How many cookies were in each jar?
Model diffu-GRPO Ours
Generation \nLani baked 555 cookies. She ate 55 cookies, so she has 555

- 55 = 500 cookies left. She placed the remaining cookies
equally into five jars, so each jar has 500 / 5 = 100
cookies.\n </</ing>\n <>\n 100\n </</><|endoftext|>

\nLani baked 55 cookies and ate 5 cookies. So, she has 55
- 5 = 50 cookies left. She then placed these 50 cookies
equally into 5 jars. Therefore, each jar contains 50 /
5 = 10 cookies.\n </reasoning>\n <answer>\n \\boxed{10}\n
</answer><|eot_id|><|endoftext|><|endoftext|>

Evaluation Answer: ✗ Reasoning: ✗ Answer: ✓ Reasoning: ✓

Problem: James has 6 more candies than Robert. John has twice as many candies as Robert. If John has 54 candies, how many more candies does John have
than James?
Model diffu-GRPO Ours
Generation \nIf John has 5 many candies as Robert, then Robert has 54

/ 2 = 27 candies.\nJames has 6 more candies than Robert,
so James has 27 + 6 = 33 candies.\nTo find out how many
more candies John has than James, we subtract the number
of candies James has from the number of candies candies
candies::55 - -33 = = 11.\n \nTherefore „ has{211 more than
candies.}

\nIf John has 54 candies, and he has twice as many candies
as Robert, then Robert has 54 / 2 = 27 candies.\nIf James
has 6 more candies than Robert, then James has 27 + 6 = 33
candies.\nTherefore , John has 54 - 33 = 21 more candies
than than.\n </</»>\n \n \n 111\n \n \n \n <|endoftext|>

Evaluation Answer: ✗ Reasoning: ✗ Answer: ✗ Reasoning: ✓

Table 11: Intermediate responses generated by decoding all mask tokens at step 32 on GSM8K with 128 mask
tokens, comparing diffu-GRPO and Ours. With our proposed reward, Ours produces higher-quality reasoning at
early decoding steps, which translates into higher prediction accuracy.
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