
Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 37159–37174
July 2-7, 2026 ©2026 Association for Computational Linguistics

TA-GRPO-d: Trajectory-Aware GRPO for Optimizing Denoising
Trajectories in Diffusion LLMs

Gyunyeop Kim and Sangwoo Kang*

Department of Computing, Gachon University
{gyop817, swkang}@gachon.ac.kr

Abstract

Diffusion large language models (dLLMs) gen-
erate text by repeatedly unmasking a partially
noised sequence in parallel, promising lower
latency than autoregressive decoding. However,
most discrete dLLMs still rely on fixed denois-
ing schedules, which are non-adaptive to input
difficulty and cannot learn efficient unmask-
ing orders. This paper introduces a reinforce-
ment learning (RL) framework that transforms
dLLM decoding into a trajectory-aware, learn-
able policy. We propose a confidence-gated
denoising strategy that dynamically decides
which tokens to unmask and how many to un-
mask per step, enabling adaptive exploration of
denoising trajectories. Building on Group Rela-
tive Policy Optimization, we reformulate it into
a trajectory-aware variant, TA-GRPO-d, which
combines a trajectory-level signal—captured
as the z-score of the AUC over intermediate
rewards—with a token-level unmasking-time
weight. This design allows the model to learn
not only the final output quality but also the effi-
ciency of the decoding path itself. Experiments
on MATH-500, Countdown, Sudoku, and code
benchmarks (HumanEval, MBPP) show that
TA-GRPO-d maintains or improves accuracy
while reducing average denoising steps by up to
half, achieving both faster inference and lower
computational cost. Our approach provides an
RL framework for optimizing dLLM decoding
policies toward adaptive, efficient reasoning.
Code is available at our GitHub1.

1 Introduction

Diffusion Large Language Models (dLLMs) have
emerged as a promising alternative to mitigate the
high inference cost caused by token-by-token se-
quential generation in conventional autoregressive
(AR) LLMs. Models that couple a Transformer

*Corresponding author.
1https://github.com/KimGyunYeop/TA-GRPO-d_re_

implementation

decoder (Vaswani et al., 2017) with an AR pol-
icy—such as LLaMA (Touvron et al., 2023) and
GPT (OpenAI et al., 2024)—generate exactly one
token per step at inference, so the generation cost
scales with sequence length and incurs latency and
energy costs with social and environmental impli-
cations.

In contrast, dLLMs generate text by performing
parallel denoising from a fully noised sequence. Re-
cent studies report that dLLMs can achieve several-
fold speedups while maintaining quality compa-
rable to AR LLMs (Li et al., 2025). According
to industry reports, Gemini Diffusion (DeepMind,
2024) has achieved throughput on the order of
thousands of tokens/second while delivering per-
formance comparable to AR LLMs.

In particular, mask token–based discrete
dLLMs (Austin et al., 2023) start from a fully
masked target sequence and, at each denoising
step, selectively unmask only a subset of masked
positions. Unlike AR models, which impose a “one
next token per step” constraint, discrete dLLMs
admit diverse denoising trajectories depending on
both which masks to unmask at each step (position
selection) and how many to unmask in parallel
(the per-step unmasking budget). This unmasking
order and budget directly affect not only the final
sequence quality but also the total number of
steps (i.e., inference time). Nonetheless, many
existing discrete dLLMs (Gong et al., 2025; Liu
et al., 2025a; Nie et al., 2025) fix the total number
of denoising steps and determine the per-step
unmasking budget by a predefined schedule,
resulting in a policy that is non-adaptive to input
difficulty. For example, if 256 masked tokens
are to be resolved in 128 denoising steps, the
schedule unmasks exactly 2 [MASK] tokens per
step. Consequently, inference speed is effectively
tied to the preset step count, and there is little
guarantee that the chosen trajectory is optimal.

Accordingly, we convert dLLM denoising from
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a fixed schedule into a trajectory-aware, learnable
policy trained with reinforcement learning. Con-
cretely, we (i) introduce confidence-gated denois-
ing that dynamically decides, at each step, both the
unmasking positions and the per-step unmasking
budget based on confidence, enabling exploration
over diverse trajectories; (ii) construct a trajectory-
level signal by group-normalizing the area under
the intermediate-reward curve (AUC) of candidate
trajectories so as to favor trajectories that attain
high rewards in fewer denoising steps; and (iii)
define a trajectory-aware advantage by combin-
ing this signal with a token-wise unmasking-time
weight. We propose TA-GRPO-d to reformulate
GRPO (Zhihong Shao, 2024) with this advantage,
while keeping trajectory optimization aligned with
the final task objective.

This design directly optimizes the quality and
efficiency of the denoising trajectory, which prior
GRPO-based methods—relying only on ex-post
evaluation of final outputs without explicit credit
to intermediate states—could not learn. Experi-
ments on math, puzzle, and code benchmarks show
that our method maintains or improves accuracy
while significantly reducing the average number
of denoising steps. The framework couples non-
invasively with different models/architectures and
explicitly targets inference latency/compute cost,
thereby substantially extending the practical effi-
ciency frontier of dLLM inference. We demon-
strate on MATH-500, Countdown, Sudoku, and
code tasks (HumanEval, MBPP) that the proposed
method improves accuracy while simultaneously
reducing the average number of denoising steps.

2 Preliminaries

2.1 Denoising Process in Discrete dLLM
We address denoising trajectory optimization in
discrete dLLMs that generate the final output by
progressively unmasking a masked sequence. Let
a token sequence of length L be denoted by s ∈
VL, the vocabulary by V , and the mask token by
[MASK]. We denote the state at denoising step
t = 0, 1, 2, . . . by st, and define the set of masked
positions as follows.

M(st) = {i ∈ {1, . . . , L} : st,i = [MASK]}
(1)

The initial state s0 is a noised sequence in which
the target span is fully masked, and at each step t
selectively unmask only a subset of M(st).

Per-denoising step distribution. At state st of
step t, for each masked position i ∈ M(st), the
dLLM predicts the token distribution to which the
[MASK] token will be unmasked, defined as

pθ,i(v | st), v ∈ V (2)

At positions i selected for unmasking, we sample
st+1,i ∼ pθ(· | st), while positions not selected
keep their values st+1,i = st,i. Here, the index set
of positions chosen for unmasking by the denoising
strategy is denoted by At ⊆ M(st).

st+1,i ∼
{
pθ,i(· | st), i ∈ At

δ st,i(·), i /∈ At

(3)

Here, δ st,i(·) denotes the unit point mass at st,i
(value kept). The policy that determines At de-
pends on the denoising strategy. In prior dLLMs,
one typically unmasks top-N confidence tokens ac-
cording to a fixed schedule. Our denoising strategy
is described in Sec. 3.1; in this section we only de-
fine the model’s basic probabilistic structure. This
process is repeated until the fixed schedule com-
pletes or all [MASK] tokens have been denoised,
yielding the final sequence.

Confidence. In the denoising strategy of dLLMs,
the confidence at each masked position used to de-
cide unmasking is defined as the top-1 probability
predicted by the model.

ci(pθ,i(· | st)) = max
v∈V

pθ,i(v | st) ∈ [0, 1] (4)

Denoising Stopping time. The denoising pro-
cess terminates once all masks have been removed.
The stopping time τ(s0) denotes the total number
of denoising steps required for a single sample and
is defined as

τ(s0) = min{t ≥ 0 : M(st) = ∅} (5)

3 Proposed Method

We propose a reinforcement learning approach that
enables a dLLM to explore diverse trajectories and
learn to select better denoising trajectories. To this
end, we design a denoising strategy that, based
on confidence, decides which mask tokens to un-
mask and how many to unmask given the current
sequence state and the model’s capability; dur-
ing training, we introduce a stochastic unmasking
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mechanism to encourage exploration over trajecto-
ries. We then augment the GRPO-based approach
to develop a reinforcement learning algorithm that
drives the dLLM to explore diverse trajectories and
to learn the unmasking order directly.

3.1 Confidence-Gated Denoising Strategy
RL Training. During reinforcement learning, we
employ a stochastic denoising strategy to enable
exploration over diverse trajectories. To select a
stable denoising trajectory, at each denoising step
t with noised sequence st, we compute the confi-
dence ci(pθ,i(· | st)) from the model’s per-position
token distribution pθ,i(· | st) and probabilistically
unmask tokens among those whose confidence ex-
ceeds the training threshold ttra. Accordingly, the
probability that a mask token at position i is un-
masked is given by

mi(st) =

(
max

(
0, ci(pθ,i(· | st)) + ξ − ttra

)

1− ttra

)γ

(6)
where ξ ∼ N (0, σ2) is Gaussian noise for gen-

erating diverse candidates, and the resulting gating
probability is hard-clipped to [0, 1]; γ > 0 controls
the sharpness of the probability distribution, gov-
erning the exploration–stability trade-off during
reinforcement learning.

Inference. At inference time, for experimental
consistency and reproducibility we use a determin-
istic threshold. We unmask all tokens whose con-
fidence is at least tinf. The probability that a mask
token at position i is unmasked at inference is given
by

mi(st) =

{
1, ci(pθ,i(· | st))− tinf ≥ 0

0, ci(pθ,i(· | st))− tinf < 0
(7)

This setup lets the model decide both the un-
masking positions and the per-step unmasking bud-
get according to its denoising confidence, so that
inference time adapts to input difficulty and model
capability. Accordingly, under the proposed de-
noising strategy, the active set of indices to be un-
masked at each denoising step t, At, is defined as
follows.

ut,i ∼ Bernoulli
(
mi(st)

)
(8)

At =
{
i ∈ M(st) : ut,i = 1

}
(9)

To prevent a stall step in which no tokens are
unmasked (At = ∅), we apply a fallback, if no
token would be unmasked, we unmask the mask
token with the top-1 confidence.

3.2 Trajectory-Aware GRPO in dLLM

In this section, under the denoising strategy of
Sec. 3.1, we propose a reinforcement learning
method that updates the policy to enable the model
to explore diverse trajectories and select an op-
timal denoising trajectory. The proposed method
augments the GRPO-based approach so that the
model uses a trajectory-level, reward-based advan-
tage for denoising trajectories, thereby allowing
the model to learn not only the final outputs but
also the denoising trajectory itself. The key idea
is to (i) sample multiple candidate trajectories for
each input, (ii) aggregate reward signals not only
on the final output but also along intermediate (par-
tially denoised) states, and (iii) update the policy
with token-wise weighted advantages that incorpo-
rate unmasking-time information to measure each
token’s contribution to the final sequence.

3.2.1 Candidate Trajectory Sampling
For reinforcement learning, we sample n distinct
denoising trajectories for a single input. Each candi-
date j ∈ 1, . . . , n starts from the same initial state
s
(j)
0 (a sequence whose target span is masked), and

is defined as a Markov process that unfolds at each
step t according to the RL training denoising pol-
icy ut,i and the token distribution pθ,i(· | s(j)t ). The
one-step transition kernel Ku

θ and the full trajectory
of candidate (j) are given as follows.

Ku
θ (st+1 | st) =∏

i/∈M(st)

δ st,i(st+1,i)
∏

i∈M(st)

[
(1− ut,i)δ st,i(st+1,i)

+ ut,ipθ,i(st+1,i | st)
]

(10)

s
(j)
t+1 ∼ Ku

θ (· | s
(j)
t ), t = 0, 1, . . . , kj − 1 (11)

kj = τ(s
(j)
0 ) is the stopping time of candidate

(j)’s denoising trajectory. The final output at the
stopping time when all [MASK] tokens have been
denoised is S(j) := s

(j)
kj

, and the sequence of in-
termediate states along the denoising process is
denoted by {s(j)t }kjt=0.
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When a fallback is applied that forcibly un-
masks the top-confidence position to prevent a
stall step (At = ∅), one may interpret the pro-
cess as using the transition kernel conditioned on
At ̸= ∅; for simplicity, however, we still denote it
as Ku

θ in the main text. Consequently, we obtain
S = {S(1), . . . , S(n)} and, for each candidate, the
sequence of intermediate states s(j)t , thereby form-
ing the candidate set for reinforcement learning.

3.2.2 Trajectory-Aware Advantages

We augment the GRPO-based approach that up-
dates the policy by comparing candidates within
the same group. The proposed method uses not
only signals from the final denoised outputs but
also signals from the denoising trajectories to as-
sess relative quality among trajectories. Moreover,
we structure the objective so that the model can
directly learn the trajectory itself.

First, the reward for each final output is de-
fined as R(j) = fR(S(j)). The function fR is a
reward function for evaluating outputs in down-
stream tasks, configured to match each task’s ob-
jective. The specific fR used for the datasets in our
experiments is detailed in Appendix C.

To group-center the n candidates sampled for
the same input, the advantage for the final outputs
is computed as

A(j) = R(j) − 1

n

n∑

m=1

R(m) (12)

This reduces variance within the same input and
provides a baseline for policy updates. However,
final rewards alone make it difficult to determine
which denoising trajectory is preferable; therefore,
we also apply the reward function to the interme-
diate states s(j)t of candidate (j) to collect interme-
diate rewards r(j)t = fR

(
s
(j)
t

)
and derive a reward

curve over denoising steps. Using the same reward
function at both intermediate and final states keeps
trajectory optimization aligned with the final task
objective. Although intermediate states may not
always fully satisfy the final evaluation criteria, ag-
gregating these rewards over the denoising process
provides a practically meaningful trajectory-level
signal. We then use the area under this intermediate-
reward curve (AUC) as a trajectory-level score for
the denoising trajectory of candidate (j). The AUC
is computed as follows.

r̂
(j)
t =

{
r
(j)
t , t ≤ kj

r
(j)
kj

, t > kj
t = {1, . . . ,Kmax}

(13)

d(j) =

Kmax∑

t=1

r̂
(j)
t (14)

Kmax := maxm km denotes the maximum, over
all candidates for a single input, of their stopping
steps. Since the stopping step differs across can-
didates, we pad each trajectory with the final re-
ward to match lengths and then compute the area
under the intermediate-reward curve (AUC). This
padding is intentional: if one uses a simple average
over intermediate rewards, trajectories with com-
parable final quality but different stopping times
can receive similar scores, whereas a simple sum
without padding can systematically favor slower
trajectories with more denoising steps. By contrast,
AUC with padding assigns a larger score to trajec-
tories that attain high rewards in fewer denoising
steps. For comparison stability, we then take a z-
score over the AUC values d across the candidate
group to obtain a trajectory-level signal ζ(j), which
indicates how good candidate (j)’s trajectory is,
on average, over the intermediate process while
favoring reward-efficient trajectories.

ζ(j) =
d(j) − µ(d)

σ(d)
(15)

However, because this is an ex-post evaluation
of the trajectory, applying it directly in reinforce-
ment learning does not allow the model to learn
the trajectory itself. Therefore, we directly convey
information about the action order by using when
each token along the trajectory was unmasked. This
plays a role analogous to the discount factor in clas-
sical reinforcement learning.

We use, as a weight on the advantage, the num-
ber of remaining [MASK] tokens at the time each
token on the trajectory is unmasked. In other words,
tokens unmasked earlier (when more masks remain
globally) are interpreted as having greater influence
on subsequent evolution and thus receive larger
weights. This enables the model to learn the de-
noising trajectory directly through reinforcement
learning. Let o(j)i denote the unmasking time of
token i; then the unmasking-time weight is defined
as follows.
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Algorithm 1 Training: Trajectory-Aware GRPO and Stochastic Confidence-Gated Denoising
Require: Dataset D, reward fR, params θ; #candidates n; PPO hparams (ε, β), KL loss LKL

1: for input q ∼ D do
2: for j = 1..n do
3: s

(j)
0 ← MASKINPUT(q); t← 0

4: whileM(s
(j)
t ) ̸= ∅ do

5: For each i ∈M(s
(j)
t ): Get Denoising token index set At via pθ,i(· | s(j)t )(see Denoising Strategy of Sec. 3.1)

6: Unmask tokens using pθ,i(· | s(j)t ) at i ∈ At; copy others unchanged; o(j)i ← t at i ∈ At; t← t+1

7: Intermediate reward r
(j)
t =fR(s

(j)
t ) and M

(j)
t = |M(s

(j)
t )|

8: end while
9: kj ← t; S(j) ← s

(j)
kj

; R(j) ← fR(S(j))

10: end for
11: Kmax = max(kj) : j = 1...n
12: for j = 1..n do
13: Grouped rewards A(j) = R(j) − 1

n

∑n
m=1 R

(m)

14: AUC d(j) =
∑Kmax

t=1 r
(j)

min(t, kj)

15: z-score ζ(j) = d(j)−µ(d)
σ(d)

16: For each i ∈M(s
(j)
0 ): w(j)

i = |M(s
(j)

o
(j)
i

)|/|M(s
(j)
0 )|; A′(j)

i =
(
1 + ∆ζ(j)w

(j)
i

)
A(j)

17: Estimate per-token ratios ρ(j)i (θ) at s(j)0 using one-step per-token likelihood (see Policy Optimization, Eq. (18))
18: end for
19: Compute the objective Lclip(θ) from ρ(θ), A′ via Eq. (21) (clipped PPO Loss)
20: update θ ← OptimizerStep(∇θ−Lclip + βLKL)
21: end for

w
(j)
i =

|M(s
(j)

o
(j)
i

)|

|M(s
(j)
0 )|

∈ [0, 1] (16)

|M(s
(j)
t )| denotes the number of masks remain-

ing immediately after denoising step t. A formal
derivation of o(j)i is provided in Appendix B.

Finally, we combine the candidate-level signal
ζ(j) with the token-level unmasking-time weight
w

(j)
i and a scaling coefficient ∆ to control the

strength of trajectory-aware shaping, thereby com-
puting a weighted advantage for token i of candi-
date (j).

A
′(j)
i =

(
1 + ∆ζ(j)w

(j)
i

)
A(j) (17)

Here, A′(j)
i reweights token-wise updates to re-

flect not only the final reward but also the trajec-
tory quality (ζ(j)), the influence of the unmasking
time (w(j)

i ), and the shaping strength controlled
by ∆. As a result, (i) high-reward, high-quality
trajectories are reinforced more strongly; (ii) high-
reward but inefficient trajectories are moderated;
and (iii) seemingly high-quality trajectories that ac-
tually converge to incorrect solutions (low reward)
are suppressed earlier and more aggressively. This
shaping drives the policy to converge toward trajec-
tories that reduce the average number of denoising
steps while maintaining or improving accuracy.

3.2.3 Policy Optimization
We use the trajectory-aware, token-wise shaped ad-
vantage A′ as the training signal in PPO (Schulman
et al., 2017) to update the policy so that it prefers
high-quality trajectories. For policy optimization,
following Zhao et al. (2025), we compute the like-
lihood of a candidate sequence under a mean-field
approximation that assumes independence across
masked positions—i.e., a one-step per-token like-
lihood—and perform clipped PPO updates based
on per-token importance ratios. Specifically, for
the noised input s(j)0 and a token index i ∈ M(s0)
that is actually unmasked, the per-token importance
ratio is defined as

ρ
(j)
i (θ) =

pθ,i
(
s
(j)
kj ,i

∣∣s(j)0

)

pθold,i
(
s
(j)
kj ,i

∣∣s(j)0

) (18)

Here, pθ,i denotes the current policy, and pθold,i
denotes the previous policy used for update sta-
bility. We then define the objective via the PPO
clipped term and, for training stability, add a KL
term against a reference policy to obtain the final
objective LPPO.

Lclip
(j),i(θ) = min

(
ρ
(j)
i (θ)A

′(j)
i ,

clip
(
ρ
(j)
i (θ), 1− ε, 1 + ε

)
A

′(j)
i

)

(19)
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LKL(θ) = DKL

(
pθ(· | s0)||pref(· | s0)

)
(20)

LPPO(θ) =

− 1

n

n∑

j=1

1

|M(s0)|
∑

i∈M(s0)

Lclip
(j),i(θ) + βLKL(θ)

(21)
The hyperparameters ε and β denote the clip

width and the KL weight, respectively.
Accordingly, Trajectory-Aware GRPO (i)

generates candidate trajectories via stochastic
confidence-gated denoising, (ii) constructs a
trajectory-aware token-wise advantage A′ by
combining the final reward, the z-scored area under
the intermediate-reward curve (AUC), and the
unmasking-time weight, and (iii) updates the policy
with PPO using a one-step per-token likelihood
approximation. This enables the model to adapt its
unmasking budget and order to input difficulty and
to learn a preference for better trajectories with
fewer steps. The proposed reinforcement learning
procedure is summarized in Algorithm 1.

4 Experiment

4.1 Experiment Setups

Datasets. We evaluate on five standard datasets
across two domains: Math & Puzzle—MATH-
500 (Lightman et al., 2023; Hendrycks et al., 2021),
Countdown (Pan et al., 2025), and 4×4 Sudoku;
and Code—HumanEval (Chen et al., 2021) and
MBPP (Austin et al., 2021). We report answer ac-
curacy (MATH-500, Countdown), blank-level accu-
racy (Sudoku), and Pass@1 (HumanEval, MBPP).

Baselines. We evaluate two large open-source
dLLMs, LLaDA-8B (Nie et al., 2025) and Dream-
7B (Ye et al., 2025). As baselines, we report (i)
each pre-trained model with its original denoising
strategy and (ii) the same models with our strategy
(Sec. 3.1). Prior work uses fixed Top-k schedules
evenly distributed over a preset number of steps;
for example, to denoise 256 tokens in 128 steps, the
schedule unmasks the Top-2 confidence [MASK]
tokens at each step. We also compare against diffu-
GRPO (Zhao et al., 2025), which adapts GRPO to
the dLLM setting.

Settings. We evaluate each benchmark after train
for 5,000 updates on Math & Puzzle and 3,500 on

Code, using semi-autoregressive decoding. Follow-
ing Zhao et al. (2025), we employ prompt masking
(num iteration=12). Our denoising strategy uses
γ = 0.5 with thresholds ttra = 0.7 and tinf = 0.8.
For the trajectory-aware shaping coefficient, we use
∆ = 0.5 on MATH-500 and Code, and ∆ = 1.0
on the Puzzle tasks (Countdown and Sudoku). For
Code, we perform RL on Kodcode and evaluate on
HumanEval and MBPP.

Further details on datasets and experimental set-
tings are provided in Appendices D and E.

4.2 Main Result

Across both domains, TA-GRPO-d consistently re-
duces the average number of denoising steps while
maintaining or improving accuracy, whereas the
threshold-only Gated setting can be unstable de-
pending on task difficulty. Fixed Top-2 schedules
remain non-adaptive.

Math & Puzzle (Table 1). On LLaDA-8B, TA-
GRPO-d reduces steps on MATH-500 from 128
to about 71 with accuracy essentially unchanged,
and delivers large gains on Countdown and Sudoku
while also shortening denoising. Dream-7B shows
the same pattern (lower steps with comparable or
higher accuracy). Combining a trajectory-level sig-
nal with an unmasking-time weight is key to im-
proving both accuracy and efficiency. TA-GRPO-d
also outperforms diffu-GRPO across datasets (with
a minor trade-off on LLaDA-8B MATH-500), indi-
cating that learning better trajectories can improve
final quality as well as speed.

Code (Table 2). On LLaDA-8B, TA-GRPO-d
achieves the best scores on HumanEval and MBPP
with the fewest steps, requiring about half as many
steps as the fixed top-2 schedule. This confirms
benefits for both mathematical reasoning and code
generation.

By internalizing the selection of efficient de-
noising trajectories, TA-GRPO-d lowers denoising
steps with comparable or higher accuracy, yielding
practical latency and compute savings for dLLM
inference.

5 Analysis

5.1 tinf Sweep

With ttra fixed, increasing tinf improves accuracy
while also increasing the average number of de-
noising steps up to a knee point; beyond that point,
accuracy saturates (or slightly declines) while the
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Model Method
Denoising
Strategy

MATH-500 Countdown Sudoku

Score (↑) Avg.DS (↓) Score (↑) Avg.DS (↓) Score (↑) Avg.DS (↓)

LLaDA-8B

pre-trained Top-2 34.00 128.00 14.84 128.00 6.64 128.00
pre-trained Gated 33.20 84.00 21.48 128.84 7.81 135.10
diffu-GRPO Top-2 33.80 128.00 22.66 128.00 14.50 128.00
TA-GRPO-d Gated 33.60 70.95 29.69 59.41 14.94 67.67

Dream-7B

Pre-Trained Top-2 39.60 128.00 22.27 128.00 6.15 128.00
Pre-Trained Gated 40.00 90.59 22.27 156.38 8.35 97.11
diffu-GRPO Top-2 34.00 128.00 18.75 128.00 9.52 128.00
TA-GRPO-d Gated 39.60 90.14 36.72 104.59 21.00 61.49

Table 1: Results on Math & Puzzle tasks. Score (higher is better) and Avg.DS (average denoising steps; lower is
better). Within each column, the bold numbers denote the best and the underlined numbers denote the second-best.

Method
Denoising
Strategy

HumanEval MBPP

Score Avg.DS Score Avg.DS

Pre-Trained Top-2 30.49 128.0 39.69 128.0
Pre-Trained Gated 36.59 75.25 43.19 69.18
diffu-GRPO Top-2 28.05 128.0 38.13 128.0
TA-GRPO-d Gated 37.80 68.87 45.14 62.72

Table 2: Results on Code tasks in LLaDA-8B. Score
(higher is better) and Avg.DS (lower is better).

step count grows rapidly. The same qualitative pat-
tern holds across both Countdown and MATH-500.
We also observe that overly low training thresholds
degrade performance, indicating that the choice of
ttra should avoid overly permissive gating.

This behavior arises because higher tinf
makes gating more conservative, keeping lower-
confidence positions masked longer; consequently,
the per-step unmasking budget shrinks and the over-
all number of steps increases.

One possible explanation is that, up to a cer-
tain point, a higher tinf improves accuracy by de-
laying low-confidence decisions and allowing the
model to commit earlier only to sufficiently con-
fident tokens. However, when tinf becomes overly
conservative, even positions with relatively high
confidence may remain masked for additional steps
and be repeatedly resampled. This may introduce
unnecessary denoising steps and, in some cases,
lead to revisions of tokens that were already rea-
sonable choices. As a result, the accuracy gain can
diminish beyond a knee point, while the number of
denoising steps continues to increase.

5.2 Ablation Study

Table 3 examines ablating components of A′ = (1+
∆ζw)A. Removing the unmasking-time weight
(−w) lowers accuracy and increases average steps,

0.5 0.6 0.7 0.8 0.9

tinf

15

20

25

30

S
co
re

(^
)

Score

Avg.DS

40

60

80

A
v
g
.
D
en
o
is
in
g
S
te
p
s
(_
)

Countdown

0.5 0.6 0.7 0.8 0.9

tinf

24

26

28

30

32

34

S
co
re

(^
)

Score

Avg.DS

50

60

70

80

90

A
v
g.

D
en
oi
si
n
g
S
te
p
s
(_
)

MATH-500

Figure 1: Performance curves of tinf.

indicating that w is needed to learn an effective
unmasking order. Removing both signals (−w− ζ)
attains the highest scores but greatly lengthens tra-
jectories, showing that the trajectory-level signal
ζ prevents accuracy gains from coming at the cost
of excessive steps. Using both signals yields the
best accuracy–efficiency trade-off, suggesting that
learning trajectories requires ex-post preference
over completed paths (ζ) together with procedural
guidance to reproduce efficient paths (w).
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Variant MATH-500 Sudoku

Score Avg.DS Score Avg.DS

TA-GRPO-d 33.6 70.95 14.94 67.67
−w 30.2 78.43 7.76 76.79
−w − ζ 34.0 79.27 15.33 140.54

Table 3: Ablation on the components of the trajectory-
aware advantage A′.
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Figure 2: Training curves for the Sudoku experiment.
Visualized with Gaussian smoothing (sigma=3).

5.3 Training Dynamics

Fig. 2 shows the training curves for Sudoku. The
upper reward curve converges with a trend similar
to that of diffu-GRPO(LLaDA-8B). In contrast, the
lower curve for denoising steps reveals a clear dif-
ference: the proposed TA-GRPO-d rapidly reduces
the average number of steps during the first few
hundred updates and stabilizes around 60. By com-
parison, the baseline with the fixed schedule plus
gating (−w − ζ) stays around 120–140 throughout
training, showing no reduction in steps.

These results suggest that although the overall
reward improvement pattern is comparable to prior
methods, the proposed approach quickly induces
shorter denoising trajectories. In other words, even
without an explicit penalty on steps, the advan-

Method Train Inference

Time Avg.DS Time Avg.DS

diffu-GRPO 1.00× 128.0 1.00× 128.0
TA-GRPO-d 0.73× 72.24 0.68× 59.41

Table 4: Time & compute efficiency on LLaDA for
Countdown. Train Avg.DS is computed as the average
over all candidates generated throughout training.

tage shaped by the intermediate-reward curve and
unmasking-time information steers the policy to-
ward shorter, more efficient trajectories. When only
gating is applied, this pressure is absent and the
step count does not decrease. Similar trends ap-
pear in other datasets; additional training-dynamics
plots are provided in Appendix G. We also evaluate
performance at 1000 steps to examine the impact
of the early, sharp drop in average steps; results are
reported in Appendix H.

5.4 Time & Compute Efficiency
Reducing the average number of denoising steps
lowers runtime in both training and inference. We
measured wall-clock time over all generated se-
quences in each phase. Note that RL training also
includes backpropagation and gradient updates.
If we hypothetically exclude those components,
the number of forward passes required by GRPO
during training is approximately proportional to(
average denoising steps + num iteration

)
×

num candidate n. In our experiments, the proposed
method reduced the average denoising steps during
training to 72.24, yielding a 27% reduction in train-
ing time. During inference, the average denoising
steps decreased to 59.41, resulting in a 32% reduc-
tion in inference time. These results indicate that
optimizing to reduce the number of denoising steps
leads directly to real savings in computational cost
and wall-clock time.

5.5 Case Studies: Visualizing Denoising
Trajectories

We visualize the unmasking order to examine how
the model trained with our method generates se-
quences quickly. Fig. 3 shows the generation order
on a subset of the dataset under TA-GRPO-d and
LLaDA-8B (Gated). We observe that the proposed
method frequently decodes contiguous token spans
in one shot, rather than unmasking scattered po-
sitions across the sequence. In contrast, for the
baseline LLaDA-8B (Gated), cases that denoising
a long clause in a single step are rare despite the
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Figure 3: Visualization of denoising trajectories for
Numbers: [83, 45, 36], Target: 92 (Countdown data),
over steps 0–11 and 0–5, respectively. A colored token
indicates the step at which the position was unmasked.

Gated. Additional cases beyond this example are
provided in Appendix I.

6 Conclusion

We propose replacing fixed-schedule denoising
in dLLMs with a stochastic confidence-gated de-
noising for trajectory exploration, and to train it
using trajectory-aware GRPO that combines the
intermediate-reward curve with unmasking-time
information. The proposed method substantially re-
duces the average number of denoising steps while
maintaining or improving accuracy on Math, Puz-
zle, and Code tasks. In the training-curve analysis,
we observed that while rewards increase similarly
to prior methods, the step count rapidly decreases
from early updates, yielding efficient convergence.
The ablation study shows that both the intermediate-
reward signal and the timing weight contribute to
balancing speed and performance. This approach
is useful for simultaneously reducing the latency
and computational cost of dLLM inference. Future
directions include task-specific automatic threshold
adaptation, multi-objective reward design, and scal-
ing to large code and natural language generation.

Limitations

Because the proposed method aggregates rewards
over intermediate states, training time can in-
crease substantially as the cost of computing the
reward function grows. Recent work in natural-
language RL and GRPO-based studies reports
that lightweight rewards—such as rule-based
scoring, format verification, and simple correct-
ness checks—are sufficient to improve reason-
ing ability (Wen et al., 2025); accordingly, most
GRPO-style studies adopt lightweight reward func-

tions (DeepSeek-AI, 2025; Mu et al., 2024). How-
ever, if a large verifier or composite grader is used
(e.g., a large reward model or human-in-the-loop
RLHF (Ouyang et al., 2022)), one must evaluate
the reward at every intermediate denoising state
for each input, so the actual cost accumulates lin-
early with the number of candidates and steps. Un-
der such settings, computing trajectory-wide re-
wards may be impractical. In this paper, because
we operate within the GRPO-based setting, we
use only lightweight rewards; consequently, as re-
ported in Table 4, the overall training time de-
creases when use lightweight rewards—the savings
from reducing the average number of denoising
steps (Avg.DS) outweigh the time spent aggregat-
ing rewards over intermediate states.
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Symbol Meaning

i token position (word index)
t denoising step index
j candidate index in a group
n number of candidates per input
L sequence length
V vocabulary set
[MASK] special mask token
M(st) masked index set at step t
At indices unmasked at step t
pθ,i(v | st) per-position unmasking distribution
ci(st) confidence at position i (top-1 prob.)
ttra, tinf train / inference thresholds
γ sharpness (explore–exploit control)
ξ Gaussian noise on confidence
mi(st) gating probability at (t, i)
ut,i Bernoulli gate at (t, i)
τ(s0) stopping time (all masks removed)
kj stopping time of candidate j

S(j) final sequence of candidate j

r
(j)
t intermediate reward at step t
Kmax maximum kj in the candidate group
∆ trajectory-aware shaping coefficient
d(j) area of intermediate reward curve (AUC)
ζ(j) trajectory-level z-score
w

(j)
i unmasking-time weight of token i

R(j) final reward of candidate j

A(j) group-centered advantage
A

′(j)
i token-weighted advantage

ρ
(j)
i (θ) PPO importance ratio

ε PPO clip width
β KL regularization weight
pref reference policy for KL
Ku

θ one-step conditional transition kernel
| · | size of set

Table 5: Notation used throughout the paper.

A Notations

For the reader’s convenience, Table 5 summarizes
the definitions and descriptions of the symbols used
in the equations throughout this paper.

B Formal Definition of o(j)i

In this paper, o(j) = {o(j)1 , . . . , o
(j)

|S(j)|} is defined as
the set of unmasking times for candidate j. Specifi-
cally, define the initial set of masked indices as

I(j) = { i ∈ {1, . . . , L} : s
(j)
0,i = [MASK] }

(22)
and fix a bijection ι(j) : {1, . . . , |I(j)|} → I(j)

that enumerates the elements of I(j) from left to
right (ascending order). For each i ∈ I(j) and each
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step t ≥ 1, define the unmasking indicator

r
(j)
i,t = 1

{
s
(j)
t−1,i = [MASK] ∧ s

(j)
t,i ̸= [MASK]

}

(23)
then the unmasking time of token i is

o
(j)
i = min{ t ≥ 1 : r

(j)
i,t = 1 } (24)

Because a fallback is used to prevent stall steps,
o
(j)
i is finite.

C Reward Functions

We design reward functions by considering the for-
mats of the datasets and the generative capabilities
of the pre-trained models.

MATH-500 (LLaDA-8B)

• Format and Correct Reward:

+0.1 if an expression of the form \boxed{...}
can be detected;

+1.0 if the answer extracted from
\boxed{...} is correct.

MATH-500 (Dream-7B)

• Format Reward:

+0.5 if the output follows <reasoning> ...
<\reasoning> <answer> ... <\answer>;

+0.5 if it prints \boxed{...}.

• Correct Reward:

+2.0 if the answer extracted via \boxed{...}
is correct.

Countdown

• Format and Success Reward:

+0.1 if the answer can be detected in
<reasoning> ... <\reasoning> <answer>
\boxed{...} <\answer>;

+1.0 if evaluating the detected expression
yields the exact target value.

Sudoku

• Blank-level Correct Reward: Using
<reasoning> ... <\reasoning> <answer>
... <\answer>, compare the detected an-
swer with the Sudoku solution and use, as
the reward, the proportion of correctly filled
blanks in the 4×4 puzzle.

Kodcode

• Format and Success Reward:

+0.1 if the answer can be detected in
<reasoning> ... <\reasoning> <answer>
“‘python ... “‘ <\answer>;

+1.0 if the detected program, when executed
by a Python interpreter, passes all dataset-
provided test cases.

D Detail of Datasets

We use MATH-500, Countdown, Sudoku, Kodcode,
HumanEval, and MBPP for training and evaluation.
All datasets are publicly available for research.

MATH-500. A curated evaluation subset drawn
from MATH (Hendrycks et al., 2021), which con-
sists of high-school competition mathematics prob-
lems. It includes descriptive problems across alge-
bra, number theory, geometry, and combinatorics,
and requires final numeric or short symbolic an-
swers. Grading is based on exact-match after sim-
ple normalization. Official train/test splits are pro-
vided with 7,500 and 500 problems, respectively.

Countdown. An arithmetic puzzle in which,
given a set of integers and a target value, one must
form an expression using only the four basic opera-
tions and parentheses that exactly equals the target.
For example, with Numbers: [49, 55, 53], Target:
51, using each number exactly once, an expression
like 55 - 53 + 49 is counted as correct. Invalid ex-
pressions are marked incorrect; both training and
evaluation use exact equality to the target for scor-
ing. Because multiple valid solutions can exist even
with small sets, we first perform format validation
and safe evaluation before checking the value. The
dataset provides 490k (numbers, target) pairs; fol-
lowing Zhao et al. (2025), we use 256 pairs for
evaluation.

Sudoku. A 4×4 Sudoku dataset with 2×2 sub-
grids. The input is a length-16 string where 0 de-
notes a blank (e.g., 4320004330100004). The out-
put is a completed length-16 string in which every
row, column, and each 2×2 subgrid contains the
digits 1–4 exactly once (e.g., 4321124334122134).
Grading checks both constraint satisfaction and
consistency with the input. Via Github2, the dataset
provides 1M (puzzle, solution) pairs; following
Zhao et al. (2025), we use 256 for evaluation.

2https://github.com/Black-Phoenix/4x4-Sudoku-Dataset
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Hyperparameter Value

Training threshold ttra 0.7
Inference threshold tinf 0.8
Sharpness γ 0.5
TA shaping ∆ (MATH-500, Code) 0.5
TA shaping ∆ (Sudoku, Countdown) 1.0
Diffusion steps(Top-2)(256/128 = 2) 128
Block length (Semi-Autoregressive) 32
KL β 0.04
PPO clip ε 0.5
Num cand. n (LLaDA / Dream) 6 / 4

Optimizer AdamW
Learning rate 3× 10−6

Adam betas (0.9, 0.99)
Weight decay 0.1
Max grad norm 0.2

Gradient accumulation 2
Max prompt length 200
Max completion length(Mcl) 256
num iterations µ 12
num iterations masking prob. 0.15

Quantization 4-bit load
LoRA (r, α, dropout) (128, 64, 0.05)
Seed 42

Table 6: Detailed Experiment Hyperparameters.

Kodcode. A code-generation dataset where the
model writes Python function bodies from natural-
language descriptions and examples. Each item
includes a problem statement, a function signa-
ture, and hidden unit tests. We conduct RL on this
dataset and evaluate generalization on other coding
benchmarks. We use the 9,000 preprocessed train-
ing problems provided by the official repository3

and use them only for training.

HumanEval. A collection of Python program-
ming tasks with function signatures and short de-
scriptions; evaluation runs public unit tests to deter-
mine correctness. Evaluation reports Pass@1 using
the public tests; We evaluate on all 164 tasks.

MBPP. A collection of short Python function-
implementation problems with problem statements,
I/O examples, and reference tests. Evaluation re-
ports Pass@1 using the public tests; We use simple
format checks and test pass rate as rewards. We
evaluate on all 257 tasks.

E Detail of Experiment Setup

We describe the hyperparameters used for training
and evaluation in the main experiments. We use
open-source discrete diffusion LLMs: LLaDA-8B-
Instruct as LLaDA-8B and Dream-v0-Instruct-7B

3https://github.com/KodCode-AI/kodcode

as Dream-7B. The key hyperparameters of the pro-
posed method are ttra = 0.7 and tinf = 0.8, with
γ = 0.5. During reinforcement learning, we trained
with AdamW at a learning rate of 3 × 10−6. The
maximum prompt length was 200 tokens, and the
maximum completion length was fixed at 256 to-
kens. Accordingly, for Kodcode (whose prompts
can be relatively long), we used only problems
whose prompt length was ≤ 200 tokens. The batch
size during training was 1, and the number of can-
didates n was 6 for LLaDA and 4 for Dream. We
trained using QLoRA (Dettmers et al., 2023) on
pre-trained dLLMs

We ran experiments on either RTX3090 × 2 or
RTX4090 × 2. For fairness, all experiments for a
given dataset in the main results were conducted on
the same server. Specifically, MATH-500, Count-
down, and HumanEval were run on RTX3090 ×
2, while Sudoku, Kodcode, and MBPP were run
on RTX4090 × 2. For LLaDA-8B, the approxi-
mate RL training wall-clock times per dataset were:
Kodcode 35 h, Sudoku 15 h, Countdown 27 h, and
MATH-500 31 h. Additional hyperparameters used
in training and evaluation are listed in Table 6 and
can also be found in our GitHub repository.

F Related Works

F.1 Diffusion Large Language Models

According to Li et al. (2025), Diffusion Large Lan-
guage Models are broadly classified into continu-
ous dLLMs and discrete dLLMs. The continuous
family (Li et al., 2022; Strudel et al., 2022) per-
forms diffusion–reverse diffusion in a continuous
embedding space, while the discrete family (Gong
et al., 2025; Liu et al., 2025a; Nie et al., 2025;
Ye et al., 2025) operates in token space by iter-
ating noise injection and selective unmasking. A
typical inference pipeline for discrete dLLMs (i)
starts from an initial state where the target span
is fully masked, (ii) at each step unmasks only a
subset of masked positions. Recently, inference
acceleration has been standardized by combining
semi-autoregressive decoding that preserves causal
structure across blocks while performing paral-
lel unmasking within blocks (Nie et al., 2025),
caching mechanisms (dKV/dLLM-cache) (Liu
et al., 2025b), and step distillation/guidance (De-
schenaux and Gulcehre, 2025). Large-scale discrete
dLLMs report AR-parity quality either via adap-
tation with AR initialization (Ye et al., 2025) or
training from scratch (Nie et al., 2025), and there
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Figure 4: Training curves for the MATH-500 experi-
ment. Visualized with Gaussian smoothing (sigma=3).

are also reports of throughput at the level of thou-
sands of tokens per second (DeepMind, 2024).

F.2 Reinforcement Learning in LLMs

In LLMs, reinforcement learning (RL) (Srivas-
tava and Aggarwal, 2025) initially established
the RLHF pipeline (Ouyang et al., 2022) as the
standard for improving alignment and instruction
following. Subsequently, preference-optimization
methods such as DPO (Rafailov et al., 2023)
emerged to reduce human effort, though they face
limitations in multi-objective optimization and ex-
ploration. Recent trends converge toward (i) GRPO-
style updates (Zhihong Shao, 2024), which bundle
multiple samples from the same prompt and up-
date via relative advantage to gain stability and
efficiency, and (ii) combining RL with verifiable
rewards (RLVR) (Wen et al., 2025) and outcome-
based rewards to boost reasoning in math and logic.
In tandem, an early report of transplanting RL to
discrete dLLMs, diffu-GRPO (Zhao et al., 2025),
circumvents the non-sequential likelihood issue of
dLLMs via mean-field and one-step per-token es-
timators, showing consistent improvements across
math, puzzle, and code tasks.
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Figure 5: Training curves for the Countdown experiment.
Visualized with Gaussian smoothing (sigma=3).

Step MATH-500 Countdown Sudoku

Score Avg.DS Score Avg.DS Score Avg.DS

0 33.2 84.00 21.48 128.84 7.81 135.10
1000 32.2 74.88 21.48 82.05 13.48 87.15
5000 33.6 70.95 29.69 59.41 14.94 67.67

Table 7: Experiment result of LLaDA-8B at step 0(pre-
trained), 1000, 5000.

G Training Dynamics on MATH-500,
Countdown

Fig. 4,5 depict the training-dynamics plots for the
Math and Countdown datasets. The results exhibit
trends similar to those reported in Sec. 5.3. For
MATH-500, as shown in Table 1, applying the pro-
posed denoising strategy yields a lower number of
denoising steps from the outset; moreover, when
the proposed method is used, the gap widens in
later steps. This suggests that the method actively
optimizes the denoising steps and achieves further
reductions over training. In both experiments, we
observe pronounced early decreases in the number
of denoising steps followed by stabilization.
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H Evaluation at 1,000 Step

Table 7 presents the evaluation at 1,000 steps. The
results show that even with only 1,000 training
steps, the average number of denoising steps can
be substantially reduced: on MATH-500 from 84
to 74.88, on Countdown from 128.84 to 82.05, and
on Sudoku from 135.1 to 87.15. Accuracy also
changes slightly. When training is extended to 5000
steps, we observe additional reductions in the av-
erage number of denoising steps along with per-
formance improvements. We interpret this as in-
dicating that a large portion of the average-step
reduction happens early, while further reductions
continue steadily as training progresses.

I Visualizing Denoising Trajectories

In this paper, Fig. 7, 8 visualizes the denoising
trajectories over the sequence. In our experiments,
we generate a total of 256 tokens, so we visualize
the full trajectories for all 256 tokens under LLaDA-
8B (Gated) and TA-GRPO-d. For both methods,
denoising generally proceeds from left to right in
generated block. Under TA-GRPO-d, cases that
decode long contiguous spans—such as clauses
or phrases—in one shot occur frequently, whereas
such cases are rare for LLaDA-8B (Gated). This
confirms that, over the full dataset, we observe
trends consistent with those described in the main
text.

J Effect of Larger Fixed Top-k Schedules

To examine whether the efficiency gains of TA-
GRPO-d can be explained by simply increasing the
number of tokens restored per denoising step, we
additionally evaluate larger fixed Top-k schedules
on the pre-trained Dream-7B model. As shown
in Table 8, larger fixed Top-k schedules shorten
denoising trivially, but at the cost of severe perfor-
mance degradation across all three Math & Puzzle
tasks. This indicates that the gains of TA-GRPO-d
cannot be explained by naive aggressive unmask-
ing alone, and instead arise from learning better
denoising trajectories.

Use of AI Assistant

We used ChatGPT(OpenAI) solely to translate the
draft into English, and all translated content was
thoroughly reviewed by the authors.
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Model Method
Denoising
Strategy

MATH-500 Countdown Sudoku

Score (↑) Avg.DS (↓) Score (↑) Avg.DS (↓) Score (↑) Avg.DS (↓)

Dream-7B
Pre-Trained Top-2 39.60 128.00 22.27 128.00 6.15 128.00
Pre-Trained Top-4 23.80 64.00 13.30 64.00 2.49 64.00
Pre-Trained Top-8 8.40 32.00 3.12 32.00 0.78 32.00

Table 8: Effect of larger fixed Top-k schedules on Math & Puzzle tasks in Dream-7B. Increasing Top-k reduces
Avg.DS mechanically, but causes substantial degradation in task performance.

LLaDA-8B (Gated)

t=00 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=02 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=03 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=04 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=05 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=06 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=07 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=08 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=09 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=10 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=11 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=12 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=13 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=14 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=15 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=16 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=17 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=18 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=19 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=20 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=21 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=22 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=23 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=87 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>
t=88 To solve the given equation, we start by using the tangent addition formula, which states that \(\tan(a + b) = \frac{\tan a + \  <answer>\n\boxed{134}\n</answer><|eot_id|>

TA-GRPO-d

t=00  equation \(\tan 53̂ \circ \tan 81̂ \circ \tan x̂ \circ = \tan 53̂ \circ + \tan   <answer>\n\boxed{134}\n</answer><|eot_id|>
t=02  equation \(\tan 53̂ \circ \tan 81̂ \circ \tan x̂ \circ = \tan 53̂ \circ + \tan   <answer>\n\boxed{134}\n</answer><|eot_id|>
t=03  equation \(\tan 53̂ \circ \tan 81̂ \circ \tan x̂ \circ = \tan 53̂ \circ + \tan   <answer>\n\boxed{134}\n</answer><|eot_id|>
t=04  equation \(\tan 53̂ \circ \tan 81̂ \circ \tan x̂ \circ = \tan 53̂ \circ + \tan   <answer>\n\boxed{134}\n</answer><|eot_id|>
t=53  equation \(\tan 53̂ \circ \tan 81̂ \circ \tan x̂ \circ = \tan 53̂ \circ + \tan   <answer>\n\boxed{134}\n</answer><|eot_id|>
t=54  equation \(\tan 53̂ \circ \tan 81̂ \circ \tan x̂ \circ = \tan 53̂ \circ + \tan   <answer>\n\boxed{134}\n</answer><|eot_id|>
t=55  equation \(\tan 53̂ \circ \tan 81̂ \circ \tan x̂ \circ = \tan 53̂ \circ + \tan   <answer>\n\boxed{134}\n</answer><|eot_id|>

Figure 7: Visualization of denoising trajectories for 8th MATH-500 test data on LLaDA-8B(green) and TA-GRPO-
d(blue). We visualize the first 32 tokens and the last 16 tokens (without padding). A colored token indicates the step
at which the position was unmasked.

LLaDA-8B (Gated)

t=00 Given that \( ẑ 5 = 1 \) and \( z \neq 1 \), we know that \( z \) is a primitive 5th root  </reasoning>\n\n<answer>\n\boxed{0}<|eot_id|>
t=02 Given that \( ẑ 5 = 1 \) and \( z \neq 1 \), we know that \( z \) is a primitive 5th root  </reasoning>\n\n<answer>\n\boxed{0}<|eot_id|>
t=03 Given that \( ẑ 5 = 1 \) and \( z \neq 1 \), we know that \( z \) is a primitive 5th root  </reasoning>\n\n<answer>\n\boxed{0}<|eot_id|>
t=04 Given that \( ẑ 5 = 1 \) and \( z \neq 1 \), we know that \( z \) is a primitive 5th root  </reasoning>\n\n<answer>\n\boxed{0}<|eot_id|>
t=05 Given that \( ẑ 5 = 1 \) and \( z \neq 1 \), we know that \( z \) is a primitive 5th root  </reasoning>\n\n<answer>\n\boxed{0}<|eot_id|>
t=06 Given that \( ẑ 5 = 1 \) and \( z \neq 1 \), we know that \( z \) is a primitive 5th root  </reasoning>\n\n<answer>\n\boxed{0}<|eot_id|>
t=07 Given that \( ẑ 5 = 1 \) and \( z \neq 1 \), we know that \( z \) is a primitive 5th root  </reasoning>\n\n<answer>\n\boxed{0}<|eot_id|>
t=08 Given that \( ẑ 5 = 1 \) and \( z \neq 1 \), we know that \( z \) is a primitive 5th root  </reasoning>\n\n<answer>\n\boxed{0}<|eot_id|>
t=09 Given that \( ẑ 5 = 1 \) and \( z \neq 1 \), we know that \( z \) is a primitive 5th root  </reasoning>\n\n<answer>\n\boxed{0}<|eot_id|>
t=10 Given that \( ẑ 5 = 1 \) and \( z \neq 1 \), we know that \( z \) is a primitive 5th root  </reasoning>\n\n<answer>\n\boxed{0}<|eot_id|>
t=11 Given that \( ẑ 5 = 1 \) and \( z \neq 1 \), we know that \( z \) is a primitive 5th root  </reasoning>\n\n<answer>\n\boxed{0}<|eot_id|>
t=12 Given that \( ẑ 5 = 1 \) and \( z \neq 1 \), we know that \( z \) is a primitive 5th root  </reasoning>\n\n<answer>\n\boxed{0}<|eot_id|>
t=13 Given that \( ẑ 5 = 1 \) and \( z \neq 1 \), we know that \( z \) is a primitive 5th root  </reasoning>\n\n<answer>\n\boxed{0}<|eot_id|>
t=14 Given that \( ẑ 5 = 1 \) and \( z \neq 1 \), we know that \( z \) is a primitive 5th root  </reasoning>\n\n<answer>\n\boxed{0}<|eot_id|>
t=84 Given that \( ẑ 5 = 1 \) and \( z \neq 1 \), we know that \( z \) is a primitive 5th root  </reasoning>\n\n<answer>\n\boxed{0}<|eot_id|>
t=85 Given that \( ẑ 5 = 1 \) and \( z \neq 1 \), we know that \( z \) is a primitive 5th root  </reasoning>\n\n<answer>\n\boxed{0}<|eot_id|>
t=86 Given that \( ẑ 5 = 1 \) and \( z \neq 1 \), we know that \( z \) is a primitive 5th root  </reasoning>\n\n<answer>\n\boxed{0}<|eot_id|>
t=88 Given that \( ẑ 5 = 1 \) and \( z \neq 1 \), we know that \( z \) is a primitive 5th root  </reasoning>\n\n<answer>\n\boxed{0}<|eot_id|>

TA-GRPO-d

t=00 Given that \( z \) is a complex number such that \( ẑ 5 = 1 \) and \( z \neq 1 \), we need to compute  >\n<answer>\n\boxed{2}\n</answer><|eot_id|>
t=02 Given that \( z \) is a complex number such that \( ẑ 5 = 1 \) and \( z \neq 1 \), we need to compute  >\n<answer>\n\boxed{2}\n</answer><|eot_id|>
t=03 Given that \( z \) is a complex number such that \( ẑ 5 = 1 \) and \( z \neq 1 \), we need to compute  >\n<answer>\n\boxed{2}\n</answer><|eot_id|>
t=04 Given that \( z \) is a complex number such that \( ẑ 5 = 1 \) and \( z \neq 1 \), we need to compute  >\n<answer>\n\boxed{2}\n</answer><|eot_id|>
t=05 Given that \( z \) is a complex number such that \( ẑ 5 = 1 \) and \( z \neq 1 \), we need to compute  >\n<answer>\n\boxed{2}\n</answer><|eot_id|>
t=06 Given that \( z \) is a complex number such that \( ẑ 5 = 1 \) and \( z \neq 1 \), we need to compute  >\n<answer>\n\boxed{2}\n</answer><|eot_id|>
t=61 Given that \( z \) is a complex number such that \( ẑ 5 = 1 \) and \( z \neq 1 \), we need to compute  >\n<answer>\n\boxed{2}\n</answer><|eot_id|>
t=62 Given that \( z \) is a complex number such that \( ẑ 5 = 1 \) and \( z \neq 1 \), we need to compute  >\n<answer>\n\boxed{2}\n</answer><|eot_id|>
t=63 Given that \( z \) is a complex number such that \( ẑ 5 = 1 \) and \( z \neq 1 \), we need to compute  >\n<answer>\n\boxed{2}\n</answer><|eot_id|>
t=65 Given that \( z \) is a complex number such that \( ẑ 5 = 1 \) and \( z \neq 1 \), we need to compute  >\n<answer>\n\boxed{2}\n</answer><|eot_id|>

Figure 8: Visualization of denoising trajectories for 77th MATH-500 test data on LLaDA-8B(green) and TA-GRPO-
d(blue). We visualize the first 32 tokens and the last 16 tokens (without padding). A colored token indicates the step
at which the position was unmasked.
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