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Abstract

Policy loss estimation remains a fundamental and long-standing challenge
in reinforcement learning (RL) for diffusion language models (DLMs). We
introduce Reinforcement Learning from Denoising Feedback (RLDF), a
novel training paradigm that leverages feedback obtained from rollout and
training processes to facilitate accurate and efficient policy loss estimation.
To balance the trade-off between computational efficiency and estimation
effectiveness, RLDF optimizes the model toward the clipped clean state
from intermediate noisy states, combined with weighted timestep sam-
pling over denoising timesteps. Extensive experiments demonstrate that
RLDF achieves consistent and substantial improvements in both perfor-
mance and generalizability across two representative DLM architectures,
LLaDA and Dream, on multiple reasoning benchmarks. Our work lays a
principled foundation for scalable reinforcement learning in diffusion lan-
guage models. We build Drift, a training framework for DLMs, available
athttps://github.com/ant-research/Drift.

1 Introduction

Recent breakthroughs in diffusion language models (DLMs) (Austin et al., 2021a; Sahoo et al.,
2024), such as Dream (Ye et al., 2025) and LLaDA (Nie et al., 2025), have positioned them as
a promising pathway toward highly capable foundation models (Google DeepMind, 2025;
Song et al., 2025; Khanna et al., 2025). The appeal of DLMs (Gulrajani & Hashimoto, 2023; Yu
et al., 2025b) stems from several intrinsic advantages over autoregressive (AR) architectures:
bidirectional attention (Gong et al., 2025), arbitrary decoding order, and the potential
for multi-token parallel generation (Wu et al., 2025b;a). Nevertheless, DLMs currently
underperform their AR counterparts across many benchmarks, a gap largely attributable to
immature training methodologies and pipelines. Among the capabilities most in need of
improvement, reasoning (OpenAl, 2024; Anthropic, 2025; Guo et al., 2025; Team et al., 2025)
stands out as particularly critical. Reasoning of language models is a frontier that has been
extensively explored and substantially advanced within the autoregressive paradigm.

Reinforcement learning (RL) (Kaelbling et al., 1996) has emerged as an effective and highly
generalizable approach for cultivating reasoning capabilities in large language models
(LLMs). Evolving from PPO (Schulman et al., 2017) through DPO (Rafailov et al., 2023),
GRPO (Shao et al., 2024), and subsequent variants (Yu et al., 2025a; Yue et al., 2025), RL has
consistently improved LLM reasoning with verifiable reward (Wang et al., 2024; Uesato et al.,
2022) across diverse scenarios, including tool use (Jin et al., 2025), mathematics (Snell et al.,
2024), and code generation (Le et al., 2022; Shojaee et al., 2023). However, these RL methods
cannot be directly transplanted to diffusion language models due to two fundamental
discrepancies: the attention mechanism (causal vs. bidirectional) and the generative process
(next-token prediction vs. full-sequence denoising).
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A central obstacle in adapting RL to DLMs lies in policy loss estimation. In autoregressive
models, the policy loss is obtained through a single forward pass under causal attention.
In contrast, the arbitrary decoding order and bidirectional attention of DLMs render exact
log-likelihood computation intractable. Prior approaches (Zhao et al., 2025; Ou et al., 2025)
approximate the policy loss via either all-masking or random-masking schemes, both of
which introduce a substantial mismatch between training and inference. Alternatively,
computing the policy loss at every denoising step (Ni et al., 2026) preserves train-inference
alignment but incurs prohibitive computational and time costs due to the iterative nature of
the denoising process. This exposes a core challenge: how to balance the fidelity of policy
loss estimation against its computational cost.

To address this challenge, we propose Reinforcement Learning from Denoising Feedback
(RLDF), a training paradigm that leverages two complementary feedback sources. Rollout
feedback captures unmasking probabilities and their corresponding timesteps along the
denoising trajectory. Training feedback, derived from predicted probabilities during de-
noising training, provides signals from which we retain only the most informative positions
for stable and effective policy updates. Building on these signals, we employ a weighted
sampling strategy (Rubinstein & Kroese, 2016) that preferentially selects denoising steps
with high predictive uncertainty, exerting the greatest influence on the final generation (Choi
et al., 2022). The policy loss is computed exclusively over these selected steps, yielding a
favorable precision—efficiency trade-off while remaining compatible with diverse masking
strategies and readily extensible to emerging training schemes.

Empirical results demonstrate that our method exhibits substantial improvements on math
and code tasks across both LLaDA and Dream models, as shown in Table 2. Furthermore,
our approach achieves faster convergence rates with more precise policy gradient estimation.
We also demonstrate the advantage of leveraging the clean state rather than the next state
for loss estimation, which avoids loss spikes and improves the utilization of training signals.
In summary, our contributions can be summarized as follows:

* We open-source Drift, an extensible and modular RL framework purpose-built for DLMs,
to facilitate community research and novel algorithms.

* We propose an improved policy loss estimation method that achieves a better trade-off
between efficiency and precision.

¢ We unlock the reasoning potential of DLMs (LLaDA and Dream), providing empirical
insights for DLM community.

2 Related Work

2.1 Diffusion Language Model

Diffusion language models (DLMs) have evolved significantly, spanning approaches from
continuous (Li et al., 2022; Dieleman et al., 2022) to discrete domains (Hoogeboom et al.,
2021). Recently, masked diffusion language models (MDLMs) define a text generation
paradigm in which the output is produced through an iterative denoising process over
discrete token sequences (Austin et al., 2021a). In contrast to autoregressive models, which
generate tokens sequentially from left to right, DLMs employ bidirectional attention mech-
anisms and perform predictions across all token positions at each forward pass. Recent
advances in training methodology have yielded a number of capable DLM foundation mod-
els, including LLaDA (Nie et al., 2025), which is trained from scratch via full pre-training,
and Dream (Ye et al., 2025), which is obtained by adapting the pretrained Qwen2.5-7B (Yang
et al., 2025) to the diffusion framework.

2.2 Reasoning in Diffusion Language Models

Reasoning has long been a central topic in language model research. DLMs have recently
demonstrated promising potential across a range of reasoning tasks. The models show
superiority in planning tasks (Ye et al., 2024a; Huang et al., 2025) and demonstrate better
data learning efficiency (Ni et al., 2025; Prabhudesai et al., 2025; Gao et al., 2025). Comple-
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mentary lines of work have explored augmenting reasoning capabilities through established
techniques such as chain-of-thought prompting (Ye et al., 2024b), leveraging both supervised
fine-tuning and reinforcement learning (Ho et al., 2020; Austin et al., 2021a) to elicit more
structured and reliable inference. Further efforts have focused on accelerating the reasoning
process (Xie et al., 2025), while others have investigated the design of remasking strategies
to improve generation quality (Cheng et al., 2026).

2.3 Reinforcement Learning

Reinforcement learning (RL) (Kaelbling et al., 1996; Schulman et al., 2017), especially
GRPO (Shao et al., 2024), has proven effective in enhancing the reasoning capabilities
of large language models (LLMs) (He et al., 2025; Qian et al., 2025). However, owing to
fundamental differences in attention mechanisms and forward computation processes,
diffusion language models require distinct strategies for computing RL losses. Existing
loss computation methods have undergone successive refinements, evolving from Diffu-
GRPO (Zhao et al., 2025; Tang et al., 2025) through Coupled-GRPO (Gong et al., 2025) to
ELBO (Ou et al., 2025), etc. Each of these methods attempts to better align the training
objective with the denoising nature of diffusion models. Nevertheless, all of these methods
suffer from training-inference mismatch to varying degrees, which undermines the relia-
bility of policy gradient estimation and ultimately limits reasoning performance. We are
motivated by this limitation and propose a novel loss computation method that considers
both accuracy and efficiency, serving as a stronger foundation for RL on DLMs.

3 Preliminaries

3.1 Forward and Denoising Process

The forward process independently masks each token x; with probability t or leaves it
unchanged with probability 1 — ¢, yielding the partially masked sequence x;:

q(xt | xo) HCat th/ )ex(), + te[MASK]) 1)

During denoising, DLMs support both static and dynamic strategies. In static decoding,
the model unmasks the top-k most confident token positions at each timestep, where k is
a fixed hyperparameter. In dynamic decoding, tokens are unmasked based on predicted
logits, with positions whose confidence exceeds a predefined threshold being unmasked.

To precisely describe the denoising process, we formalize the denoising process with the
following definition. Given a prompt g, let {or,07_1,...,00} describe the denoising process,
where T is the number of denoising steps at inference time. Each o; represents the model’s
response state at denoising timestep t. Specifically, o corresponds to the fully masked initial
state, 0p denotes the final clean response, and intermediate states o; (0 < ¢ < T) contain a
mixture of decoded tokens and remaining mask tokens.

3.2 Training Techniques

Following the masked language modeling paradigm of BERT, MDLMs are trained via
random masking. Specifically, a parametric model py(- | x;) takes the partially masked
sequence x; as input and simultaneously predicts all masked tokens (denoted as M). It is
optimized via a cross-entropy loss computed exclusively over the masked positions:

E(G) = _Et,xo,xt Z]l xtz - 10gP9(X0, | xt) . (2)

However, a fundamental discrepancy exists between the training and denoising processes.
During training, masking is applied randomly and independently across token positions,
whereas during denoising, the set of masked positions evolves deterministically across
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Figure 1: Comparison of training paradigms. Left: RL for autoregressive models without
masking. Right: ELBO-based training for diffusion models with random masking. Bottom:
Our proposed RLDEF, which samples a timestep t and applies sequential masks. Policy loss
is estimated based on 7y(xp | x¢). This formulation provides a more precise policy loss
estimation while using identical trajectory context and objective.

steps based on model confidence. This mismatch results in substantially different masking
patterns and contextual inputs between the two phases, leading to inconsistent attention
distributions and key-value representations. Such train-inference discrepancy poses a
significant challenge for reasoning-oriented fine-tuning, as the model is optimized under a
distribution of masked contexts that poorly reflects those encountered at inference time.

3.3 Challenges in Log Probability Estimation

Unlike autoregressive models, whose loss can be computed within a single forward pass,
diffusion language models do not enjoy this benefit due to their bidirectional attention
mechanism. Specifically, the key-value (KV) representations change across denoising steps,
making the forward computation distinct at each step. Early methods such as d1 (Zhao
et al., 2025) and wd1 (Tang et al., 2025) adopt a full-sequence loss strategy, which computes
the average loss over all token positions conditioned on the prompt only in a single forward
pass:

Lfull-seq(0 | ) =log pg(o | g,071). ®)
Subsequently, the Evidence Lower Bound (ELBO) was introduced, which approximates the
log-likelihood via random masking over denoising timesteps:

Lerpo(o | 9) = Er,m[log po(o | 4, 0™)], @)
where 0" denotes the response sequence randomly masked by M.

However, all of these methods compute the loss under a context that is inconsistent with the
actual rollout conditions at inference time, giving rise to a fundamental training-inference
mismatch that undermines the reliability of policy gradient estimation in RL training.

4 Reinforcement Learning from Denoising Feedback

41 Denoising Feedback of Diffusion Models

The denoising process of diffusion models contains rich information that can substantially
benefit reinforcement learning. We extract feedback from two complementary stages: the
rollout process and the training process. During rollout, we collect reasoning trajectories
together with their timestep probabilities, which capture the reasoning context and guide
the timestep selection. During training, we predict the clean state x( from the noisy state
x; and derive the learning signal from the processed £y through token-level clipping. Both
sources of feedback are effective in stabilizing training, yet have been largely overlooked in
prior paradigms.
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(a) Token probability distributions on two tasks.
(left) Over 80% of tokens are unmasked with high
conf. (p > 0.9) in both tasks. (right) Mean to-
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Figure 2: Token-level analysis during denoising process. (a) Per-token entropy distribu-
tions across Math and Code tasks; (b) word clouds of high-entropy tokens.

4.2 Loss Estimation at Timestep t

To faithfully replicate the context in which each position is unmasked, we adopt a stepwise
loss estimation scheme that enables precise gradient estimation without approximation.
Formally, given a prompt g and the sequence of tokens decoded across denoising timesteps
or,...,00, at each timestep t we compute the forward process p(og | g,0¢) and evaluate the
loss exclusively on the positions masked at timestep t. This procedure exactly mirrors the
model’s rollout without introducing any approximation error.

However, this exact formulation incurs substantial computational overhead. Specifically,
the number of forward passes scales linearly with the number of decoding steps 7, as the
loss must be computed iteratively for each step. In practice, a standard reasoning trajectory
requires approximately 256 decoding steps, resulting in 256 forward passes per sample and
rendering naive stepwise training prohibitively expensive in both time and memory.

4.3 Weighted Sampling for Timestep Selection

To mitigate the computational bottleneck, we propose selectively sampling a subset of
denoising steps for loss computation rather than processing all steps exhaustively, adopting
weighted sampling as the principled mechanism for timestep selection.

Prior work has shown that entropy serves as an effective guidance signal during train-
ing (Wang et al., 2025a; Cheng et al., 2026). As shown in Table 1, distribution entropy and
token probability at each position exhibit near-perfect correlation across both models and
tasks, indicating that decoding probability is a faithful proxy for entropy. We therefore
adopt per-step decoding probability as the weight for timestep selection, which not only
provides a more intuitive perceptual signal but also avoids explicit entropy computation.

As illustrated in Figure 2a, the distribution

of per-token decoding probabilities is heavily Model Task Pearsonr Spearmanp

skewed: the vast majority of tokens are decoded  [j,pa Math ~ —0942 —0.994

with high confidence (typically above 0.9), while COd:l —0.950 —0.933

only a small fraction are assigned low proba- Math ~ —0.930 —0.5%4
y & b Dream  code  —0928  —0997

bility. Crucially, these low-confidence tokens,
though sparse, exert disproportionate influence
on the diversity of reasoning trajectories and
exhibit strong correlation with final answer ac-

curacy. As shown in Figure 2b, such tokens are 1! DabIULty
often connective words in math and instruction dicted distribution, computed on LLaDA

verbs in code tasks. We therefore preferentially and Dream across MATH and MBPP.
sample these informative steps with lower average token confidence for loss computation.

Table 1: Pearson (r) and Spearman (p) cor-
relations between each token’s unmask-
ing probability and entropy of its pre-
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For diffusion language models, this sampling strategy offers a two-fold benefit: it substan-
tially reduces the number of loss computation iterations, while simultaneously concentrating
gradient signal on the most informative denoising steps, yielding a lower-variance and
more rollout-faithful training objective.

4.4 Loss Estimation of RLDF

The RLDF loss estimation pipeline, illustrated in Figure 1, follows a structured sequence:
rollout generation, sequential masking schedule construction, iterative loss estimation on
each selected timestep, and a final aggregated backpropagation.

Sampling timesteps with probability-based weighting. Rather than selecting timesteps
uniformly, we weight each timestep by the average token-level uncertainty of the model.
Concretely, for each timestep t we compute

1
== Y logpi, (5)

i€ly

where Z; denotes the set of token positions unmasked at timestep ¢, formally satisfying
I & {i :01; # 0t_1,i}. piis the model’s predicted probability for token 7, and u; is the
resulting uncertainty estimate for timestep t. Timesteps with lower model confidence
(smaller p;) thus receive larger weight. Here, 0;; denotes the token at position i of the
response at timestep f. A temperature-scaled softmax converts these weights into a sampling
distribution: (4/7)
exp(ut/t
w = P O (6)
Ly exp(up /)
and k steps are drawn without replacement from w. As T — 0, this degenerates to determinis-
tic top-k selection, while T — co recovers uniform sampling, allowing a smooth interpolation
between exploitation and exploration.

Iterative loss estimation on each timestep. The loss at timestep ¢ of response b is computed

by Eq. (7), which reduces to Eq. (8) when only a single iteration is performed. Here, A(?)
denotes the normalized advantage of response b, and 0y denotes its clipped version, which
retains only tokens with predicted probability above a threshold. This clipping prevents low-
confidence tokens from dominating the training signal. The per-step loss is normalized by

the number of retained tokens, aggregated over the selected steps S(b), and finally averaged
across all responses in the group to form the final objective.

When more than one forward-pass iteration is performed per rollout, the behavior policy
Ty, Used to generate samples diverges from the current policy 77y being optimized. To
correct for this off-policy mismatch and stabilize training, we adopt a weighted sampling
ratio together with PPO-style clipping:

(b) __ 1 in(+0 0y A® dlip(+?) i) () — (00, | q,01)
gpolicy(t) = Tao] ,-g) mm(rt,j (6) A, clip(r,;(0), 1+e) A >, where 1 ;(6) = o (G0 19, 00)°

@)
When only one iteration is performed, 779 = 714, SO rt(l) () =1 and the clipping is inactive;
Eg. (7) then reduces to the REINFORCE form (Williams, 1992):

1 A
00y () = = Y log mp(6}) | g, 0f”) AL, (®)

policy |60 | s

Regularization and aggregation. To further constrain the policy from drifting too far from
the reference model 71, and to ensure training stability, we additionally incorporate the k3
KL-divergence estimator (Schulman, 2020) between 7ty and 7

60 (1) = Dy [706(08 | 4,08) || e (0 | g,0(7)]. )
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After computing Policy and KL loss for every selected step, we aggregate across St(h) and
then across all G responses in the group to obtain the final loss objective:

b b
LRLDF = Z (7 Z(:) [ l(go)hcy(t) + M%L)(t)} ’ (10)
b=1|5;
t
where 8 controls the KL regularization strength. We additionally apply gradient-norm
clipping during backpropagation to suppress occasional large updates and stabilize training.
The complete training objective is given in Eq. (11).

A(b) (b)
1 . ¢7TH(0[)/1' lq.077) & b
b)‘ Z [mm (biA( ),

16
Lrupr(0) = Bgp,onmy, (1) { - Eb;lsoftmaxt< Al Y log ¢, (61, | q,o,)) o L e (6(()1.) 0 o)

i€ly
(b) ()
(@) 19,0 X
cip (LI 1, 140 A0) + D [ 10,0/ [ - 100
Py (00, lq,0.")

old

(11)

5 Experiments

5.1 Experiment Setup

Data and Models. Mathematical reasoning and code generation are widely adopted
benchmarks for evaluating the reasoning capabilities of large language models. Accordingly,
we conduct training and evaluation on both domains. For mathematical reasoning, we
use the official training split of MATH (Hendrycks et al., 2021) for training, and evaluate
on MATH500 (Lightman et al., 2023), GSM8K (Cobbe et al., 2021), and AMC23 (Art of
Problem Solving, 2023). For code generation, we train on the training split of MBPP (Austin
et al., 2021b) and evaluate on MBPP and HumanEval (Chen et al., 2021). We adopt two
mainstream diffusion language models as our backbones: LLaDA-8B-Instruct(Nie et al.,
2025) and Dream-7B-Instruct (Ye et al., 2025).

Training. Our training procedure consists solely of reinforcement learning, initialized
from the pretrained diffusion backbones. For policy loss estimation, we apply weighted
sampling over 16 denoising timesteps. To prevent excessive deviation from the reference
model, we adopt the widely used k3 estimator for the KL regularization term. During
rollout, we follow Wang et al. (2025b) and employ block-wise decoding with KV-cache to
accelerate generation. Full hyperparameter and implementation details are provided in
Appendix C.

Evaluation. To highlight the generalization ability of each RL method, we adopt a strict
cross-setting evaluation protocol: each model is trained on a single dataset with a fixed
generation length of 256, and then evaluated across all remaining settings. Following
prior work, we benchmark all models at generation lengths of 128, 256, and 512 under
the dynamic and static sampling strategy. We compare our method against several well-
established baselines, including d1 (Zhao et al., 2025), ESPO (Ou et al., 2025), TraceRL (Wang
et al., 2025b), and Coupled-GRPO (Gong et al., 2025). In addition, for the LLaDA series, we
report the performance of LLaDA-1.5 (Zhu et al., 2025) as an additional reference point.

5.2 Main Results

Strong Performance Across Tasks and Models. Our reinforcement learning from de-
noising feedback (RLDF) method achieves consistently dominant performance across both
LLaDA and Dream models on mathematical reasoning and code generation benchmarks, as
reported in Table 2. Nearly all configurations of our approach rank first or second among all
baselines, with first-place results in the majority of settings. Notably, the performance gains
are consistent across both model families, in contrast to d1 and ESPO, which demonstrate
competitive results only on individual models. Relative to the respective base models,
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Model |  MATH500 | GSMSK \ AMC23 |  HumanEval | MBPP

| 128 256 512 | 128 256 512 | 128 256 512 | 128 256 512 | 128 256 512
LLaDA Models
LLaDA-8B-Instruct | 320 364 408 | 757 834 830 | 75 125 125 | 39.0 372 359|374 366 380
LLaDA-1.5 322 400 398|761 80 840 [150 125 75 | 408 359 384 | 362 386 386
d1 326 368 382|759 825 85 |125 175 125 | 384 365 378 | 380 392 408
ESPO 378 380 406|791 834 842 | 125 150 225 | 414 372 402 | 422 438 426
TraceRL 31.8 334 336|777 807 815 | 75 50 200 | 384 353 359 | 368 39.0 402
Coupled-GRPO 332 412 372|778 835 830 [150 100 200 | 378 409 396 | 386 424 420
RLDF (ours) 39.6 438 45.0 | 79.2 847 849 | 150 175 200 | 428 409 385 | 404 446 44.8
A vs. Base +7.6 +74 +42 | 435 +13 +1.9 | 475 +5.0 +7.5 +3.8 +3.7 +2.6 | +3.0 +8.0 +6.8
Dream Models
Dream-7B-Instruct | 36.8 38.0 402 | 669 752 744 | 150 175 175 | 512 536 554 | 51.8 522 528
d1 412 460 468 | 733 834 834 [200 150 150 | 542 536 542 | 538 540 53.6
ESPO 31.0 424 430|658 815 789 |150 150 175 | 542 561 554 | 532 530 52.8
TraceRL 352 478 476 | 659 836 846 | 100 150 175 | 536 567 548 | 552 57.0 554
Coupled-GRPO 412 456 456 | 69.7 823 825 | 10.0 200 250 | 549 549 573 | 542 542 540
RLDF (ours) 398 486 496 | 743 865 865 | 175 300 300 | 628 610 59.2 | 61.2 604 60.6
A vs. Base +3.0 +10.6 494 | +74 +113 +121 | 425 +125 +125 +116 +74 +38 | +94 +82 +7.8

Table 2: Performance of different RL methods on LLaDA and Dream models across math
and code benchmarks under the dynamic unmasking strategy with varying generation
steps (128, 256, and 512) with unmasking threshold at 0.9. The best result in each column is
highlighted in bold, and A vs. Base denotes the absolute improvement of RLDF (ours) over
the corresponding base model.

our approach yields substantial improvements of up to 10 accuracy points on Dream for
MATHS500 and MBPP, and approximately 8 points for LLaDA on the same benchmarks.
These empirical results provide compelling evidence for the effectiveness of the proposed
method.

Unlocking the Reasoning Potential of the Dream Model. An unexpected finding is that
the Dream model converges remarkably rapidly during reinforcement learning, requiring
only approximately 100 training steps on both math and code tasks. We hypothesize that this
unexpectedly fast emergence of reasoning stems from latent capabilities inherited from the
underlying Qwen architecture (Yang et al., 2025), which may have been suppressed during
the adaptation from autoregressive to masked diffusion modeling. Our reinforcement
learning procedure effectively reactivates these dormant reasoning capacities, recovering
and amplifying the model’s problem-solving abilities. We further observe that training on
Dream exhibits greater instability compared to LLaDA, manifesting as rapidly escalating
KL divergence; we address this by applying a higher KL penalty coefficient (8 = 0.04). This
instability may reflect a fundamental discontinuity introduced by the autoregressive-to-
diffusion adaptation, pointing to a potential limitation of such model conversion approaches.

Cross-dataset generalization. Our method generalizes consistently across benchmarks,
whereas competing methods often improve on one distribution at the cost of others. Specifi-
cally, it yields stable gains on out-of-distribution benchmarks including GSM8K, AMC23,
and HumanEval. This is particularly notable for the shift from MBPP to HumanEval: MBPP
describes function implementations in free-form natural language, while HumanEval re-
quires completing partially defined function stubs under explicit constraints. The strong
cross-dataset performance suggests that our models acquire transferable reasoning skills
rather than overfitting to surface patterns of the specific training dataset.

Robustness to unmasking strategy. Our main experiments use a dynamic unmasking
threshold (set to 0.9). To further test robustness, we evaluate each model under a static
unmasking strategy across varying generation lengths and step counts, constraining the
model to unmask one token per step and reporting results at 128, 256, and 512 steps in
Table 3. The static results largely mirror the trends observed under dynamic unmasking,
and our method remains dominant particularly on Dream models. These results indicate
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Model |  MATH500 | GSMSK | AMC23 | HumanEval | MBPP

| 128 256 512 | 128 256 512 | 128 256 512 | 128 256 512 | 128 256 512
LLaDA Models
LLaDA-8B-Instruct | 324 364 390|760 833 815 | 75 150 125 | 409 372 372|370 368 384
LLaDA-1.5 318 408 396 | 762 823 835 | 150 125 100 | 433 360 39.0 | 368 384 386
d1 322 368 388|760 830 817 | 125 175 150 | 402 372 378 | 378 39.6 412
ESPO 386 382 418|788 837 860 | 100 175 200 | 409 378 415 | 422 450 428
TraceRL 320 338 330|776 807 824 | 75 50 200 | 409 348 378|368 392 404
Coupled-GRPO 330 406 370|779 835 836 | 150 100 225 | 39.6 39.6 39.6 | 386 418 414
RLDF (ours) 408 436 43.0 | 793 846 845 | 175 150 175 | 439 433 427 | 400 448 458
A vs. Base +84 472 +40 | +3.3 +13 +3.0 +10.0 +0.0 +5.0 +3.0 +6.1 455 | +3.0 +80 +74
Dream Models
Dream-7B-Instruct | 36.2 384 392 | 662 749 739 | 150 175 175 | 482 500 512|508 510 518
d1 422 462 470 | 727 847 835 | 200 150 150 | 537 518 518 | 524 534 532
ESPO 30.8 424 434 | 664 807 798 | 150 150 175 | 524 555 530 | 508 51.8 514
TraceRL 350 46.0 444 | 654 834 848 | 100 150 175 | 524 512 537 | 536 546 538
Coupled-GRPO 402 436 454 | 700 823 829 | 125 175 300 | 530 530 561 | 518 522 522
RLDF (ours) 394 484 490 | 740 867 866 | 175 300 30.0 | 585 579 579 | 582 572 56.8
A vs. Base +32 +100 +9.8 | +7.8 +11.8 +127 +25 +125 +125 | +104 +79 +67 | +74 +62 +50

Table 3: Performance of different RL methods on LLaDA and Dream models across math
and code benchmarks under the static unmasking strategy with varying generation steps
(128, 256, and 512) with one token unmasked each step. The best result in each column is
highlighted in bold, and A vs. Base denotes the absolute improvement of RLDF (ours) over
the corresponding base model.

that the choice of unmasking strategy is a relatively minor factor compared to the number
of denoising steps and the generation length.

6 Ablation Studies and Design Choices

6.1 Effect of Sampling Numbers and Temperature

We investigate the effect of varying the number of sampling timesteps in Figure 3. As
expected, increasing the number of sampling timesteps accelerates convergence, analogous
to the effect of increasing batch size. Since each additional sampling timestep introduces
an extra forward and backward pass, a larger number of timesteps directly increases per-
iteration training time. In our implementation, using 16 sampling steps incurs a computation
cost comparable to that of the rollout process alone.

We further observe that the sampling temperature notably affects training stability: lower
temperatures yield more stable dynamics. Since lower temperatures bias sampling toward
high-entropy timesteps, we attribute this to the loss estimation behavior. High-entropy
timesteps are dominated by the few informative tokens that most influence the final gen-

R king Number Ablation Sampling Temperature Ablation

—— temp 1
—— temp inf

0 50 100 150 250 300 350 400 0 50 100 150 250 300 350 400

200 200
Global Step Global Step
Figure 3: Ablation on sequential remasking strategy. Mean rollout reward under varying
remasking counts and timestep sampling temperatures. Larger remasking counts and lower
sampling temperatures consistently lead to higher rollout rewards.
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Rollout Reward (Mean) KL Divergence (Mean)

KL divergence

—— Clean State x, —— Clean State x;,
0.35 — Next State x, — Next State x,

0 50 100 150 200 250 300 350 0 50 100 150 200 250 300 350
Global Step Global Step

Figure 4: Clean state estimation yields more stable training than next state estimation.
Training dynamics on LLaDA code tasks under two target states, measured by rollout
reward and KL loss.

eration. In contrast, high temperatures spread sampling toward low-entropy timesteps,
whose tokens the model already predicts with high confidence. Repeatedly reinforcing
these already-confident predictions drives their probabilities toward saturation and further
collapses the entropy, ultimately destabilizing training. This is reflected in Figure 3, where
the high-temperature run collapses sharply after roughly 300 steps.

6.2 Why xo Estimation Outperforms x;_; Estimation
Theoretically, the one-step posterior can be recovered by marginalizing over the clean signal:

po(xi—1 | xt) =) po(xo | x¢) q(xi—1 | xt,x0), (12)
E)

so any x;_1-prediction model implicitly commits to a particular path through xo space,
while x(-prediction retains the full distribution over clean sequences. Predicting xy thus
exposes the model to a global denoising objective at every timestep, yielding a richer signal
and a target distribution whose statistics remain stable across noise levels.

This gap is amplified in practice. Under dynamic unmasking, tokens are revealed only
when their probability exceeds a threshold (with a single token unmasked otherwise), so
the supervisory signal for x;_1-estimation is severely limited, especially when high-entropy
timesteps are preferentially sampled. As shown empirically in Table 4, xp-estimation
leverages ~13% of response tokens per sample, while x;_j-estimation uses only ~2%,
discarding most of the available signal.

As shown in Figure 4, x;_1-based estimation also exhibits pronounced KL loss spikes during
training, attributable to the instability introduced by computing KL divergence over such a
limited token set; the policy loss suffers from the same issue. In contrast, xo-based estimation
yields consistently higher rollout rewards, empirically confirming the superiority of clean
state estimation for stable and effective training.

6.3 Loss Normalization

Token-level loss normalization has been proposed to mitigate the response-length imbalance
commonly observed in RL training of autoregressive models. In this section, we investigate
its applicability and effectiveness within our setting.

Sample-level normalization first normalizes within each sample and then aggregates within
the group, ensuring that every sample contributes equally to the batch. In contrast, token-
level normalization operates directly over all tokens in the group, giving every token an
equal contribution.

Formally, in contrast to the sample-level loss defined in Eq. (11), the token-level loss is
formulated as in Eq. (13). As shown in Figure 5, sample-level loss normalization, even
when combined with gradient norm clipping, still slightly underperforms its token-level
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Rollout Reward (Mean) KL Divergence (Mean)

KL divergence
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Figure 5: Comparison of token-level and sample-level loss normalization (both with
gradient clipping). Token-level normalization leads to a more stable training process, with
fewer loss spikes and faster convergence.

counterpart. Although token-level normalization introduces a deviation from the standard
loss objective, it empirically yields a more stable training process by mitigating spikes in KL
divergence.

5(0)
1 G 1 . 47779(00,‘ ‘q/ot ) .
LRBHO) = Egdommy, () | ~ )BDY SOftmaXf<’ — ) log @, (011 | q,of)> [m‘“ ’ A®)
O Mg U1 s, |5éb)\ b1 050 =7 foud ((Pnyold (58? \ q,oib))
NONIENG)
(0 [ 3,07) R
elip (2 e, 14€) AC)) + B Dit [0y (-1 4,0") [| @ (- 9,0")]
P70, 007 1 0.01")
o4 \C0,i | 470t
(13)
6.4 Token Clipping is Necessary
At each training iteration, the model per- Setting Training Metrics

forms a forward pass conditioned on the

partially observed context at timestep t. Target Clip Grad Norm Loss Token Utility

Due to the limited context available, the W; 3 ;1242 1 82;2); égig 0;"
model struggles to make reliable predic- N oy : o
Xt N/A 8.46 0.0591 2.07%

tions for positions at timesteps t' < t,
often assigning extremely low probabili-
ties to those tokens. Under the loss for-
mulation in Equation (8), these near-zero
probabilities can dominate the loss com-
putation, overshadowing the gradient sig-
nal from high-confidence tokens, precisely
those from which we seek to learn. This
imbalance inflates the noise-to-signal ratio
and distorts the training dynamics.

Table 4: Comparison of training dynamics un-
der different target states and gradient clip-
ping settings. The first two columns specify
the experimental setting, while the last three
columns report the corresponding averaged
training metrics. Without token clipping, both
gradient norm and loss diverge by several or-
ders of magnitude.

To increase the proportion of informative gradient signal in the policy loss, we apply token-
level clipping that discards clean-state tokens whose predicted probability falls below a
threshold (0.2 in our implementation). The benefit of this design is validated in Table 4:
targeting x( with token clipping achieves a favorable trade-off, yielding a stable gradient
norm while substantially improving token utility over the x; baseline.

7 Conclusion

In this work, we address the fundamental challenge of log-likelihood estimation in the
policy gradient objective of diffusion language models. We propose RLDF (Reinforcement
Learning from Denoising Feedback), a principled method that achieves a favorable trade-off
between estimation precision and computational efficiency by approximating the policy loss
on clipped final states across a subset of selected timesteps t. Extensive empirical evaluations
demonstrate both the effectiveness and the necessity of our approach in enabling stable and

11



Preprint.

performant reinforcement learning for DLMs. Furthermore, we introduce a comprehensive
and extensible RL training framework Drift for DLMs, encompassing flexible masking
strategies and diverse training methodologies, with native compatibility for the two most
prominent DLM architectures, LLaDA and Dream.
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A Classic Variants of Policy Loss

We introduce three prevalent methods for policy loss estimation, derived from the no
masking, random masking, and sequential masking perspectives, respectively.

For brevity, we define the per-token importance ratio as
Py (00, | €)
ri(0) = s
Pr,,, (00, | €)
where the conditioning context c varies across the three variants: ¢ = g for no masking,
¢ = (g, 0™i) for random masking, and ¢ = (g, o;) for sequential masking. For all three

objectives, A¥ denotes the token-level advantage, ¢ is the PPO clipping threshold, and B
controls the strength of the KL regularization toward the reference policy 71,¢. By convention,

quantities without an explicit subscript t correspond to the final step t = T (e.g., ; = 1o,
A
0 = 0g,7)-

(14)
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All Masking. Diffu-GRPO (Zhao et al., 2025) computes the policy-gradient loss over
all tokens of every sampled response. For each query g, a randomly masked variant g’ is
constructed and used as the conditioning context, providing a one-step likelihood estimation

at every positioni € {1,...,|o®)|}:

G ‘g(b) |
L (0) =

min (1 A®), dlip(r{"),1 - &,1+¢) A®) — B D [y | ¢nref]}
b=1 i=1

(15)

The expectation is taken over g4 ~ D, and {o(b)}b 1 ~ 7g,,(- | q). Because the loss is

averaged uniformly over |o(?)| tokens, every output position contributes equally regardless

of whether it was actually denoised at that step.

Random Masking. Instead of scoring all tokens, random masking restricts the loss to a
randomly sampled mask set M; C {1,..., |0()|} for each response, while the unmasked

tokens oMb and prompt g serve as the context. This corresponds to a Monte-Carlo estimator
of the masked-diffusion ELBO at the token level:

Leiso(0 Z \Mb| Z min (rfb)A(h), clip(rfb),l —¢1+4¢) A(b)) — BDxL [qbng I qbnref}

iceM,
(16)
The expectation is taken over g ~ D, {o(b)}bG:l ~ 719, (- | 9), and M; ~ masking(o(®)).
By conditioning on the visible tokens and supervising only the masked positions, ELBO
yields a lower-variance, theoretically grounded surrogate that is consistent with the training
objective of masked diffusion language models. ESPO (Ou et al., 2025) is modified from the
ELBO estimation.

Sequential Masking. The sequential masking method further aligns the RL signal
with the actual generation process by following the diffusion denoising trajectory T =
(or,07-1,-..,00), where or denotes the fully masked initial state and 0y = o is the final
clean response. At each denoising timestep t, the policy unmasks a subset of positions Z;
conditioned on the partially denoised state o;, producing the next state 0;_1. The loss is
computed at exactly those positions:

1 T
ET(Q) 72?;

Y- min (1 A", dlip(r}),1—¢,1+¢) AD) = B D [, || ]

‘ rel( )

17)
The expectation is taken over ¢ ~ D and 0;_1 ~ 7'[901d(' | g,0¢) fort =T, T—1,...,1and
b=1,...,G. Unlike the previous two variants, every token is supervised under the exact
context in which it was generated, so the optimization landscape matches the inference-time
denoising procedure step by step. This faithfulness comes at the cost of T-fold more forward
passes per response. Our method adapts the sequential masking variant by predicting the
clean state xg instead of x;_1, retaining its trajectory-level precision at a fraction of the
computational cost, thus striking a favorable balance between fidelity and efficiency.

B Reward Function

For math tasks, we extract the content of the last \boxed{...} from the model output
and compare it against the ground truth via a math-equivalence check (combining string
normalization, sympy-based symbolic comparison, and the math_verify library). The reward

is binary:
1, ifa=a*
Tmath = .

0, otherwise

where 4 is the extracted answer and a* the ground truth.
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For code tasks, we extract the Python code block enclosed by ~~ “python ~~~ and execute it

against the provided unit tests in a sandboxed runner. The reward is the test-case pass rate:

#passed test cases € [01],
#total test cases

yielding a dense signal that rewards partial correctness and provides smoother gradients

than the binary math reward.

Teode =

C Implementation Details

C.1 Data Processing

Out-of-memory (OOM) errors frequently occur during both rollout and training. To mitigate
this, we restrict training data to subsets of the MATH and MBPP training splits with a
maximum sequence length of 320 tokens for LLaDA and 256 tokens for Dream. Additionally,
since binary rewards on MATH yield limited advantage diversity within each group, we
retain only samples for which LLaDA produces at least one correct response across 16
generations, ensuring sufficient richness in the reward signal.

C.2 Remasking Strategy

We adopt a sequential remasking strategy with weighted timestep sampling. The sampling
temperature defined in Equation 6 is set at one. To balance training and rollout efficiency,
we set k=16, meaning 16 timesteps are sampled per training example.

C.3 Training

We use separate batch sizes for rollout and training. Prior to each training update, rollout
responses are filtered to retain only samples exhibiting non-trivial policy gradients, i.e.,
those with varying reward values within a group. We apply a REINFORCE loss with a
single gradient update per sample, rather than PPO. The KL penalty coefficient § is set to

0.01 for LLaDA and 0.04 for Dream. The learning rate is fixed at le~° throughout training.

C.4 Rollout

A dynamic unmasking strategy is used for both rollout and evaluation. Tokens are un-
masked greedily by highest probability when no token exceeds the confidence threshold
of 0.9. To accelerate generation, we employ block-wise denoising with a block size of 32.
LLaDA samples via the Gumbel-Max trick, adding Gumbel noise to logits and taking the
argmax to implicitly approximate softmax sampling, with temperature controlling noise
magnitude. Dream instead uses explicit categorical sampling, applying temperature scaling
with optional top-p/top-k truncation before sampling from the softmax distribution. The
rollout batch size is set to 8, with 4 generations per sample.

D Planning

To broaden our evaluation, we apply each method to planning tasks, adopting the data-
processing pipeline of Zhao et al. (2025). Table 5 reports results on the Countdown and
Sudoku planning tasks across two diffusion-LM backbones (LLaDA and Dream) and both
unmasking schedules. RLDF improves over the corresponding base model in all settings,
with gains ranging from 34 to 71 points. These improvements are consistent across both
backbones, whereas prior RL methods are markedly backbone-dependent. ESPO and
Coupled-GRPO are competitive on LLaDA but degrade substantially on Dream, while d1
exhibits the opposite pattern. RLDF is the only method that remains strong on both back-
bones. We note that Countdown and Sudoku are highly structured and closely tied to their
training distributions, which leaves room for solutions that exploit task-specific regularities
rather than reflecting general reasoning ability. We therefore analyze mathematics and code
in detail in our main experiments (Section 5.2).
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LLaDA

‘ Dream
Dynamic ‘ Static ‘ Dynamic ‘ Static
|

Method

Countdown Sudoku Countdown Sudoku
256 512 256 512 256 512 256 512 ‘ 256 512 256 512 256 512 256 512

Base (Instruct) 26.2 21.5 9.2 22 26.6 22.7 8.6 22 27.7 258 41.8 31.4 30.1 27.0 26.6 22.0

Countdown Sudoku ‘ Countdown Sudoku

d1 38.3 30.1 8.2 22 37.1 30.5 8.4 22 68.8 58.6 63.4 48.2 69.1 60.9 51.4 58.6
ESPO 70.3 64.1 81.8 55.0 71.1 64.1 83.0 61.4 29.7 199 59.2 65.8 26.6 19.1 55.2 61.8
Coupled-GRPO | 58.6 52.3 86.6 72.0 57.0 51.2 86.6 71.6 32.8 29.7  35.6 41.6 33.6 277 424 37.0
RLDF (ours) 75.0 74.6 80.4 72.0 75.0 75.0 80.2 712 69.5 67.2 81.2 82.6 64.8 64.1 78.0 82.6
A vs. Base +48.8 +53.1 +71.2 +69.8 +484 +523 +71.6 +69.0 +41.8 +414 +394 +51.2 +347 +37.1 +514 +60.6

Table 5: Performance of RL methods on LLaDA and Dream under dynamic and static
unmasking, on Countdown (Countdown) and Sudoku with 256/512 generation steps.
“Base (Instruct)” is LLaDA-8B-Instruct / Dream-7B-Instruct respectively. Best per column in
bold; A vs. Base is RLDF over the corresponding base.

E Prompt

Math Prompt
You need to put your final answer in \boxed{}. This is the problem:
{{problem}}

Code Prompt
{{problem}}

Place your code within a single Python code block " “python ~°*
Do not include more than one code block.

Countdown Prompt

Please solve the following Countdown puzzle.

You are given 3 numbers: {{numbers}}. Your goal is to use these
numbers with basic arithmetic operations (+, -, *, /) to reach the target
number {{target}}.

Rules:

- You must use each number at most once.

- You can use +, -, *, / and parentheses.

- Intermediate results must be positive integers (no fractions, no negative
numbers) .

- You do not need to use all the numbers.

Show your step-by-step reasoning, then output the full expression that
equals the target number inside \boxed{}.

For example, if the numbers are 5, 3, 2 and the target is 11, your
answer would be \boxed{5 + 3 % 2}.

Now solve this puzzle:

Numbers: {{numbers}}
Target: {{target}}
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Sudoku Prompt

Please solve the following 4 x 4 Sudoku puzzle. The puzzle is provided as a
4 x4 grid where ‘@’ represents empty cells.

Rules:

- Fill empty cells with digits 1--4.

- Each row must contain digits 1--4 exactly once.

- Each column must contain digits 1--4 exactly once.

- Each 2 X 2 box must contain digits 1--4 exactly once.

Example:
Puzzle:

Important: Your solution must be a complete 4 x4 grid using only
digits 1--4, with each row on a new line and digits separated by single
spaces.

Respond in this exact format:
<reasoning>

Your step-by-step solving process
</reasoning>

<answer>

rowl

row?2

row3

row4

</answer>

Now solve this puzzle:
Puzzle:

{{puzzle}}

F Algorithm

We present the full procedure of RLDF in the algorithms below, organized as a main loop
(Algorithm 1) together with two subroutines: a weighted timestep sampling function
(Algorithm 2) and a per-timestep loss estimation (Algorithm 3). The main loop follows a
GRPO-style group-relative scheme: for each sample, it draws a group of G responses from
the old policy, normalizes their rewards into advantages, and updates the policy over N
inner iterations. Since a full denoising trajectory contains far more timesteps than is practical
to optimize over, the main loop calls SAMPLESTEPS to select an informative subset of k
timesteps for each response, and TIMESTEPLOSS to compute the objective at each sampled
timestep. We describe each subroutine in turn below.
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Algorithm 1 Reinforcement Learning from Denoising Feedback

Require: Policy 7y, reference m,¢, dataset D; group size G, inner iterations N, sampled
steps k; clip range (€, €;), KL weight 8, learning rate #, std floor §, sampling tempera-

ture T
1: for each sample (g,y) ~ D do
2: 901d +~ 0
3: forb=1,...,Gdo
4: Sample response 0(?) ~ 76, (- | 9); record step probs u and denoising trajectories
T
5: end for
6 D« ROO,y); pe Eryr®; o /LT (r®) —p)?
7. AL [(r®) — )/ max(c,d)]
8: forb=1,...,Gdo
9: S®) « SAMPLESTEPS(u, T) > See Algorithm 2
10: end for
11: forn=1,...,Ndo
12: VoLl <0
13: forb=1,...,Gdo
14: fort ¢ S() do
15: Apply masking to 0®) at step t to obtain denoising state ofb)
16: VoLl += 2 Vo TIMESTEPLOSS(O(()b), oib)) > See Algorithm 3
17 end for
18: end for
19: 0 0—n-VoLl
20: end for
21: end for

Algorithm 2 Weighted Timestep Sampling

Require: Recorded step probabilities u from rollout; sampling temperature 7; number of
steps to sample k; trajectories T
1: function SAMPLESTEPS(u, T, k)
exp(ut/ )
Lyer exp(uy /1)
3 Sample k steps S C T without replacement from {w; }
4: return sampled step set S
5: end function

2wy for each timestep t € T

Algorithm 3 Loss Estimation of Each Timestep

Require: Query g; original response op and intermediate state o;; current policy g, old
policy 7y, reference policy 7t..¢; KL weight B; inner iterations N
1: function TIMESTEPLOSS(0g, 0¢)
Clip og to obtain 6y by thresholding on 7g(0g | g, 0¢)
if N =1 then > REINFORCE

gpolicy = _m log 79(0o | q, ot) A

else > PPO
71(0) = ¢y (00 | q,0¢) / ¢y, (00 | G, 0)
Loolicy = min(rtA, clip(ry, 1—¢, 1+¢) A)

end if

Uk = DKo [y (- | 9,01) || s (- | g,00)]

f(t) = gpolicy + B kL

11: return £(f)

12: end function

—_
e
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