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Abstract

We propose DiFFPO, Diffusion Fast and Furious Policy Optimization, a unified
framework for training masked diffusion large language models (dLLMs) to reason
not only better (furious), but also faster via reinforcement learning (RL). We first
generalize the existing baseline approach such as d1 [23] by proposing to train sur-
rogate policies via off-policy RL, whose likelihood is much more tractable as an ap-
proximation to the true dLLM policy. This naturally motivates improved two stage
likelihood approximations combined with importance sampling correction, which
leads to RL algorithms with better sample efficiency and superior task performance.
Second, we propose a new direction of training efficient samplers/controllers of
dLLMs policy. Via RL, we incentivize dLLMs’ natural multi-token prediction
capabilities by letting the model learn to adaptively allocate an inference threshold
for each prompt, which yields even better accuracies with lower number of function
evaluations (NFEs) compared to the base model. Finally, we consider joint training
of the dLLM policy and the sampler together for obtaining the best performance
in improving the Pareto frontier of the inference-time compute for dLLMs. We
showcase the effectiveness of our pipeline by training open source large diffusion
language models over benchmark math and planning tasks.

1 Introduction

Reinforcement Learning from Verifiable Rewards (RLVR, [11]) has achieved remarkable success in
enhancing the reasoning capabilities of Large Language Models (LLMs) [5, 9]. The fine-tuned Large
Reasoning Models (LRMs) show drastic improvement in solving tasks such as math and coding
[12, 16], which require strong reasoning capabilities. These models match, and even surpass the
performance of the best human players in math contests [3]. Despite these successes, LRMs are
notorious for long inference-time, and overthinking for easy questions [4, 18], which limit their
applicability to scenarios that have less tolerance on latencies or inference budgets. A line of recent
research on efficient reasoning [19] proposed either training-free early stopping mechanisms, or
generation-length-aware RL losses [10, 21]; however, the resulting models are still fundamentally
bottle-necked by the left-to-right autoregressive decoding in decoder-only transformers [20], suffering
from quadratic inference costs with respect to the length of reasoning traces.

Diffusion LLMs (dLLMs) [13–15, 17, 22], an emerging family of LLMs based on discrete-space
diffusion models [1, 6], have the natural premise of going beyond left-to-right generations by
any-order generations and multi-token predictions . In contrast with the extensive literature on
post-training autoregressive models, the relevant study for dLLMs is quite limited. Notably, there

39th Conference on Neural Information Processing Systems (NeurIPS 2025) Workshop: Efficient Reasoning.



has been little work on post-training frontier dLLMs by RL, raising the question of how RL can be
used to enhance the reasoning capabilities of diffusion language models. The purpose of this work
is to design a scalable and effective RL approach for improve efficient reasoning of dLLMs. Our
contributions can be summarized as follows:

(1) We first propose an efficient RL post-training paradigm for fine-tuning dLLMs from an off-policy
RL perspective. Concretely, we generalize d1 [23] by training (efficient) surrogate policies with
performance improvement, as opposed to training base dLLMs policies whose likelihood requires
extensive GPU memory, and is inefficient to compute and update. Here we propose novel surrogate
policies by conditioning on additional latents at the response-generation level for better approximation,
instead of only conditioning on prompts as in d1. As an intermediate step, we introduce an importance
sampling correction to address the distribution mismatch between the surrogate policies and the true
dLLMs behavior policies. We showcase an evident performance gain by our improved techniques
over the baseline methods.

(2) Second, we put forward an RL framework to train efficient dLLMs samplers. Motivated by the
EB-sampler proposed in [2], we propose to train a prompt-aware inference threshold via RL. This
approach naturally leverages the structural property of masked dLLMs for multi-token predictions,
and can increase the downstream accuracies with less average compute compared to a prompt-free
threshold as in [2]. We also explore the joint training of the policy weights and the sampler to achieve
the best performance in enhancing the inference-time computation.

Combining the above two proposals yields a unified pipeline, which we term as DiFFPO - Diffusion
Fast and Furious Policy Optimization, for training masked dLLMs to reason not only better (furious),
but also faster via RL. We demonstrate the effectiveness of DiFFPO in enhancing the inference-time
performance of diffusion LLMs on benchmarking math and planning tasks, and push the boundaries
of designing scalable RL algorithms towards training efficient LRMs.

2 Preliminaries

In this work, we rely on masked diffusion models, which have shown to achieve the state-of-the-art
performance among different formulations of dLLMs. Here we follow presentations in MDLM [15].

Masked Diffusion Models. Let [mask] be a special masked token, and denote by m the one-hot
representation of it. The forward processes of MDLM [1, 15] interpolate between the clean data
distribution x ∼ pdata(·) and a target non-informative distribution Cat(·;m). The latent variables zt
are defined by q (zt | x) = Cat (zt;αtx+ (1− αt)m), where αt ∈ [0, 1] is a strictly decreasing
function in t, with α0 ≈ 1 and α1 ≈ 0. This process can be viewed as a masking process, because
q (z1 | x) ≈ m. The posterior of the masking process (t > s) can be explicitly computed as:

q (zs | zt,x) =

{
Cat (zs; zt) zt ̸= m,

Cat
(
zs;

1−αs

1−αt
m+ αs−αt

1−αt
x
)

zt = m.
(1)

Since x is unknown, MDLMs learn a function approximation xθ(zt, t), and approximate the true
posterior with pθ (zs | zt) by replacing x with approximated xθ in (1) when zt = m.

dLLMs Inference. Most existing works focus on a fixed number of multi-token predictions, such as
Top-k sampling [8, 10, 14]. In this work, our sampling scheme mainly follows the Entropy-Bounded
(EB) sampler proposed in [2], which yields better accuracy and efficiency tradeoff than the Top-k
sampler that sweeps over different k’s. Jointly unmasking a sequence of variables X = (x1, · · · ,xL),
the EB-sampler computes the entropy of each unmasked position as the cost of that position c(l) =
H(pθ(xl | X)), and then unmask all positions in U with the maximum cardinality:

∑
l∈U c(ℓ) ≤ γ,

where γ is a predetermined error tolerance hyperparameter.

RL for dLLMs. RL aims at maximizing the expected reward of policy generations, i.e.,
Eo∼πθ(·|c)r(c, o), where r(c, o) is the verifiable reward of generation o with respect to the prompt c,
such as correctness or unit test success rates. GRPO [16], as a variant of Reinforce and PPO, first
samples a group of outputs {oi}Gi=1 from the behaviour (old) policy πθold under the same prompt
c, and computes the advantage function Ai = r (c, oi)− 1

G

∑G
j=1 r (c, oj). Denote o<k as tokens
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already generated before time k of completion o, GRPO maximizes the following objective:

JGRPO(θ) = Eoi∼πθold (·|c)

G∑
i=1

1

|oi|

|oi|∑
k=1

min
(
ρkiAi, clip

(
ρki , 1− ε, 1 + ε

)
Ai

)
, (2)

where ρki =
πθ(oki |c,o

<k
i )

πold (oki |c,o
<k
i )

is the token-level likelihood ratio. Since ρki is difficult and inefficient to

compute in practice, d1 [23] proposed a mean-field approximation ρ̂ki =
πθ(oki |c)
πold (oki |c)

to ρki in (2) (i.e.,

the likelihood conditioning on prompts, while omitting the already unmasked tokens.)

3 DiFFPO

3.1 Improved techniques in efficient model post-training

Rethinking via off-policy RL. We first revisit the RL task for dLLMs from an off-policy RL
perspective. Since the true likelihood of dLLMs generation is hard to estimate, our proposal is: (1)
find an surrogate policy that is close to the actual dLLM policy, while its conditional likelihood is
easy to compute and thus much more tractable; (2) optimize the surrogate policy via RL. Given two
policies that share the same parameters being πθ, π̂θ respectively, and the reward being bounded by
M , we have by Pinsker’s inequality:

Eo∼πθ(·|c)r(c, o) ≥ Eo∼π̂θ(·|c)r(c, o)−M(2 ·KL(π̂θ∥πθ))
1
2 . (3)

For instance, we can take a policy π̂θ, which generates token on every position at the first step
by conditioning on the prompt, then it is easy to compute the conditional likelihood given any
completions under this policy with the same weights as our base dLLM. Yet, such an approximation
can be too coarse, because it totally ignores the information of already generated tokens.

Additional conditioning latents and importance sampling. We propose to randomly sample
t ∈ [0, T ], and compute πθ(o

k
i | c, o<t(k)

i ), where t(k) = t if t < k, and 0 otherwise. This provides
better approximations for tokens when k > t by conditioning on the generations up to a past timestep,
while remaining simple and efficient. Note that the generations are still from the base policy, so we
can apply importance sampling:

Eo∼π̂θ(·|c)r(c, o) = Eo∼πθ(·|c)
π̂θ(· | c)
πθ(· | c)

r(c, o). (4)

Our ultimate loss objective is then:

Eoi∼πθold ,t∼U [0,T ]

G∑
i=1

1

|oi|

|oi|∑
k=1

min(C,
πold(o

k
i | c, o<t(k)

i )

πold(oki | c, o<k
i )

)︸ ︷︷ ︸
IS term

min
(
ρ̄i

kAi, clip
(
ρ̄i

k, 1− ε, 1 + ε
)
Ai

)
,

where ρ̄ki =
πθ

(
oki |c,o

<t(k)
i

)
πold

(
oki |c,o

<t(k)
i

) is the likelihood ratio of the surrogate policy. Compared to d1 [23], we

yield a better likelihood approximation by conditioning on (randomly drawn) latents at the response-
generation level, which we refer this as Two Times Mean Field Approximation. Moreover, our loss
includes an importance sampling term which builds from off-policy RL.

3.2 Unlocking better adaptive multi-token prediction via sampler post training

Unlike the EB-sampler [2] that uses a fixed threshold to decide which token(s) to unmask for all
prompts, we propose to parameterized function to encode prompt features. We obtain a dLLMs
embedding of the prompt by averaging over the hidden dimension features f l

θ(c) of each position l,
and train a linear mapping w on top of the embeddings (we omit the bias term here for clarity). We
also introduce an upper threshold γmax, and map each feature to the true inference threshold by

γw(c) = γmax sigmoid

(
w⊤
(

1
L

L∑
l=1

f l
θ(c)

)
+ β

)
, with β = log

γ

γmax − γ
, (5)
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where γ ∈ (0, γmax) is the initial global threshold, since γw0(c) = γ when the initial linear layer
weights w0 are set to be all 0. For RL training, we fix a noise level σ for Gaussian exploration
ϵ ∼ N (0, I) before applying sigmoid activation and use the perturbed threshold for inference:

γ(c) = γmax sigmoid

(
w⊤
(

1
L

L∑
l=1

f l
θ(c)

)
+ β + σϵ

)
. (6)

We can then derive the similar GRPO loss for updating w upon each prompt feature.

4 Experimental Results

Experimental Setup. We conduct experiments on training quantized open source diffusion language
models LLaDA [14] on benchmark math and planning tasks. We use LoRA [7] (r = 128) for
parameter-efficient training – the same parameters as in [23]. For a fair comparison, we use the same
five random reeds for the baseline d1 and our proposed algorithm, and report the best performed
curve among different seeds.

Improved sample efficiency and task performance. We first showcase the effectiveness of our
algorithm on math and planning benchmarks, including GSM8K, MATH, SUDOKU and Countdown.

(a) GSM8K (b) Math (c) Sudoku (d) Countdown

Figure 1: Benchmark results (−: DiFFPO; −: DiFFPO without IS; −: d1 baseline).

As in Figure 1, our algorithm shows a clear margin over d1 in all tasks. Concretely, using two-
times mean field approximation greatly improves the sample efficiency, and applying importance
sampling correction further enhances the performance of RL training. Our DiFFPO, combining both
higher-order approximation and importance sampling, yields the most evident performance gain.

Improved Pareto frontier via training the sampler only. We study the effect of training the sampler
to incentive multi-token predictions for dLLMs via RL. Starting from different thresholds γ and
setting γmax = 2γ, we plot the learning dynamics in Fig 2a, and the efficient frontier evaluated by
average correctness rewards in Fig 2b.

(a) Learning Dynamics (b) Accuracy-Efficiency Frontier

Method Correctness ↑ NFEs ↓
d1 + Top k 1.65 66.4
DiFFPO + Top k 1.69 62.3
d1 + EB 1.55 55.7
DiFFPO + EB 1.62 42.7
DiFFPO + J.T. 1.67 41.3

(c) Joint Training

Figure 2: Learning Dynamics, Frontiers and Joint training results by training samplers via RL.

Joint training of the model and the sampler. We also consider joint training of the model and
sampler by adding up the model and the sampler losses, to improve the inference-time frontier. In
Table 2c, we report the optimal checkpoint performance along the training under baseline algorithm.
observe that joint training not only improves the (optimal) correctness, but uses less NFEs compared
to training the model only.
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5 Discussion and Future Works

In this work, we propose DiFFPO – an RL pipeline for post-training dLLMs towards efficient
reasoning. We showcase the effectiveness of our proposed algorithms in achieving better sample
efficiency, superior performance, and enhancing the accuracy/efficiency tradeoff.

There are several directions to extend our work. It is interesting to understand the generalization
behavior of the trained inference threshold; it is also possible to adapt our RL framework to a state
(or group)-dependent inference threshold instead of being fixed for each prompt. We leave these
problems for future work.
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