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Abstract

A key challenge in applying reinforcement
learning (RL) to diffusion large language mod-
els (dLLMs) is the intractability of their like-
lihood functions, which are essential for the
RL objective, necessitating corresponding ap-
proximation during training. While existing
methods approximate the log-likelihoods by
their evidence lower bounds (ELBOs) via cus-
tomized Monte Carlo (MC) sampling, they in-
cur significant memory overhead due to the
need to retain all MC samples for the gradient
computation of non-linear terms in the RL ob-
jective, and thus restrict feasible sample sizes,
leading to imprecise likelihood approximations
and distorted RL objective. To address this,
we propose Boundary-Guided Policy Optimiza-
tion (BGPO), a memory-efficient RL algorithm
that maximizes a specially constructed lower
bound of the ELBO-based objective. This
lower bound is carefully designed to satisfy
two key properties: (1) Linearity: it is a linear
sum where each term depends only on a single
MC sample, thereby enabling gradient accu-
mulation across samples and ensuring constant
memory usage; (2) Equivalence: Both the value
and gradient of this lower bound are equal to
those of the ELBO-based objective in on-policy
training, making it also an effective approxima-
tion for the original RL objective. These prop-
erties allow BGPO to adopt a large MC sample
size, improving likelihood approximations and
RL objective estimation, which in turn leads to
enhanced performance. Experiments show that
BGPO significantly outperforms previous RL
algorithms for dLLMs in math problem solving,
code generation, and planning tasks.

1 Introduction

Recently, diffusion large language models (dLLMs)
have emerged as promising alternatives to conven-
tional autoregressive models (ARMs), demonstrat-
ing competitive performance in various language
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modeling tasks (Nie et al., 2025b; Ye et al., 2025;
Gong et al., 2025b; Cheng et al., 2025). Unlike
ARMs, which generate sequences in a left-to-right,
token-by-token manner, dLLMs iteratively unmask
tokens in parallel, offering the potential for sig-
nificant inference acceleration (DeepMind, 2025;
Inception Labs et al., 2025; Song et al., 2025; Wu
et al., 2025). Despite these advancements, existing
work focuses mainly on pre-training and super-
vised fine-tuning of dLLMs, while leveraging rein-
forcement learning (RL) to further enhance dLLMs
remains a challenging problem, even though RL
has demonstrated significant efficacy in improv-
ing various capabilities of LLMs (OpenAl, 2024;
DeepSeek-Al et al., 2025).

A key challenge in applying RL to dLLM:s is
the intractability of their likelihood functions (Zhu
et al., 2025; Zhao et al., 2025a; Tang et al., 2025).
Specifically, the iterative, non-sequential gener-
ation process precludes exact calculation of the
log-likelihood for generated responses (Zhu et al.,
2025; Zhao et al., 2025a; Tang et al., 2025), which
is essential for RL algorithms (Schulman et al.,
2017; Shao et al., 2024). In light of this, recent
work has explored approximating log-likelihoods
by their evidence lower bounds (ELBOs) via cus-
tomized Monte Carlo (MC) sampling (Zhu et al.,
2025). While increasing the MC sample size can
yield highly accurate approximations (Ho et al.,
2020; Song et al., 2021), this approach incurs sub-
stantial memory overhead during RL training, as it
requires storing the forward computational graphs
for all MC samples to compute the gradient of
non-linear terms in the RL objective. As a result,
practical implementations can only adopt relatively
small sample sizes (e.g., n; = 4 as illustrated in
the left of Figure 1) due to hardware constraints,
which directly amplifies errors in log-likelihood
approximation and introduces substantial bias and
variance for the estimated objective and its gradi-
ents, ultimately degrading performance.
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Figure 1: Left: Comparison of memory usage of previous ELBO-based RL method (VRPO-OL) and our BGPO
using different Monte Carlo sample size n, for the RL objective approximation. The max response length is set to
512. Middle and right: Performance of LLaDAs with different RL algorithms on mathematical tasks.

To address this limitation, we propose Boundary-
Guided Policy Optimization (BGPO), a memory-
efficient RL algorithm for dLLMs that supports
large MC sample sizes for log-likelihood and RL
objective approximation. Specifically, BGPO max-
imizes a constructed lower bound of the ELBO-
based objective. This lower bound is carefully de-
signed to satisfy two critical properties: (1) Lin-
earity: it is formulated in a linear sum where each
term associates with a single MC sample, thereby
enabling gradient accumulation across samples and
ensuring constant memory usage irrespective of
sample size; (2) Equivalence: Both the value and
gradient of the lower bound are equal to those of
the ELBO-based objective in on-policy training,
ensuring that the lower bound can also effectively
approximate the original RL objective. These prop-
erties allow BGPO to adopt a large MC sample size
to obtain a more accurate approximation for the RL
objective, thereby achieving better performance.

To validate the effectiveness of BGPO, we con-
duct RL experiments with LLaDA-8B-Instruct on
math problem solving, code generation, and plan-
ning tasks. The results show that BGPO signifi-
cantly improves the performance of LLaDA-8B-
Instruct across all tasks and also outperforms pre-
vious RL algorithms for dLLMs. Further analysis
demonstrates that increasing the MC sample size ef-
fectively reduces the bias and variance of gradients
and improves model performance. Notably, BGPO
achieves these improvements with only marginal
increases in average training step time, despite its
larger sample size.

In summary, our main contributions include: (1)
We propose BGPO, a memory-efficient RL algo-
rithm for dLLMs that supports large MC sample
sizes in the approximation of log-likelihoods and
the RL objective; (2) We theoretically prove the

equivalence of the BGPO objective and the ELBO-
based objective in on-policy training, demonstrat-
ing that BGPO also provides an effective approxi-
mation of the original RL objective; (3) Through
comprehensive experiments, we validate the effi-
cacy of BGPO and demonstrate the value of larger
MC sample sizes in boosting model performance.
We hope our work establishes a firm foundation for
future research on RL for dLLMs.

2 Preliminary

2.1 Masked Diffusion Language Models

Masked dLLMs employ a non-autoregressive gen-
eration paradigm, generating text through progres-
sive denoising. At their core lies a mask pre-
dictor py (Austin et al., 2021a; Ou et al., 2025),
which learns the data distribution via a forward-
reverse framework. Starting from the original text
att = 0, the forward process gradually masks the
input tokens until the sequence is fully masked
att = 1. Following LLaDA (Nie et al., 2025b),
at time ¢ € (0, 1), each token is replaced by the
mask token M with probability ¢ and remains un-
masked with probability 1 — ¢. In the reverse pro-
cess, the mask predictor recovers this sequence by
iteratively predicting the masked tokens as time
reverses from 1 to 0. In conditional generation
scenarios, the prompt x always remains unmasked,
and the forward-reverse process is only applied to
the response .

2.2 Challenges of Applying RL to dLLMs.

Reinforcement learning (RL) has proved effective
for improving language models. The basic objec-
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tive 1s to maximize:
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where 7y, 7g,,,, and A(z,y) denote the current pol-
icy, old policy, and sequence-level advantage, re-
spectively, and

R(z,y) = elo8moWl)"los oy, (Wl2) A (2 o). (2)
However, applying RL to dLLMs is nontrivial,
since the iterative denoising generation makes the
exact computation of log 7y (y|z) intractable.

To address this, recent work has developed sev-
eral methods to approximate log my(y|z). diffu-
GRPO (Zhao et al., 2025a) adopts a single-
pass estimation, simply making log mg(y|z) =
Z'y‘ log pe(y*|z'), where y* is the i-th token of
y and 2’ is a randomly masked prompt. Though
efficient, it introduces notable bias relative to the ex-
act policy. Alternatively, VRPO (Zhu et al., 2025)
proposes to approximate log mg(y|z) using its evi-
dence lower bound (ELBO):

B7r9 (y|x) £ Etwu[o,l},yth(-|t,y,:c)€7r9 (yt7 t, y‘$)>
3)
where q(-|t, y, x) denotes the forward masking pro-
cess for the response y at time ¢, and

[y

£ %Zl[yi

i=1

=M] log po(y'|ys, ©).
“4)

Specifically, they estimate B, (y|x) via customized
Monte Carlo sampling:

Eﬂ'e (ytv t) y|:13)

7r9 y\x Zgrrg Ye(3) 5 j)’y|x), (5)
where () "k U0, 1] and y,;) s q(-|t9, y, z)

are the sampled timestamps and corresponding par-
tially masked responses. Substituting B, (y|x)
into Eq. 1 yields an approximated RL objective:

j(e) = EIN’D,yNﬂgold(-|:p)7é($7 y)7 (6)
where
R(z,y) = eProWlo)=Braa W10 A(z, ). (7)

Notably, previous work has shown that when the
sample size n; is large enough, the bias of B (y|x)

for a well-trained model relative to log 7y (y|x) will
become negligible (Ho et al., 2020; Song et al.,
2021). However, using a large n; in training re-
quires a huge amount of GPU memory: Each time
R(z,y) is computed, n; forward passes of py need
to be executed (i.e., Eq. 4 and 5), and all the n;
computational graphs must be retained in memory
to calculate the gradient of the exponential function
in Eq. 7. As a result, in practice, the sample size
can only remain small (e.g., n; = 4), which results
in inaccurate approximations for the likelihoods as
well as the final objective, seriously affecting the
final performance.

To break through this limitation, we propose
Boundary-Guided Policy Optimization (BGPO), a
memory-efficient RL algorithm for dLLMs that
supports a large Monte Carlo sample size, thereby
enabling more accurate approximations and achiev-
ing better performance. A detailed introduction is
provided in the following sections.

3 BGPO

Following Zhu et al. (2025), our BGPO algorithm
also uses the estimated ELBO B, (y|z) to approx-
imate log 7y(y|x). The main difference is that
instead of directly maximizing the approximated
objective 7 (#), BGPO turns to maximize a con-
structed tight lower bound of 7 (6):

Jw(0) = Emwp,yw%m(.uﬂélb(ﬂ%y), ()

where Rip(x,y) <R(z,y). Specifically, R (z, y)
is carefully designed so that it satisfies the follow-
ing two properties!:

« Linearity: Ry(z,y) is formulated as > ity Gjs
where g; is a function of the partially masked
sample y,(;) at time (7). Therefore, we can back-
propagate the gradient of g; for each y,(;) sepa-
rately and update the policy after all backward
passes, so that the memory usage becomes irrele-
vant to the MC sample size n;.

* Equivalence: In on-policy training (i.e., g, =
mg), the value and gradient of Rib (z,y) are al-
ways equal to those of R(z,y), making Ji,(6)
equivalent to J (#) and also an effective approxi-

mation of the original RL objective 7 (6).

These two properties allow BGPO to use a larger
MC sample size in the likelihood approximation,

"For simplicity, we mainly discuss R and R in this sec-

tion, while all their properties can directly apply to Ji and J,
unaffected by the expectation function.
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which effectively reduces the bias and variance of
Jiv(0) and its gradient, leading to better perfor-
mance. In the following, we will introduce the
construction of Ry, (z, y) in detail.

3.1 Linear Lower Bound Construction

The construction of ﬁlb(a:, y) is different based on

the sign of the advantage A(x,y):

* For A(z,y) > 0, we construct ﬁlb(x, y) using
Taylor expansion;

« For A(z,y) < 0, we construct Ryy(z, ) using

Jensen’s inequality.

Lemma 1. [First-order Taylor Expansion] For
any § € R, the exponential function satisfies

6521+5.

When A(x,y) > 0, we apply the first-order Taylor
expansion in Eq. 7, which yields:

ﬁ(x7 y) — eBﬂ'G (y‘x)_éﬂold(y‘x)A(l‘7 y)
= (T ) A, y)
> Z dj | A(z,y)
=1 i
where
d] = gﬂ'g (yt(j) ) t(])a y’x) - eﬂ'gn]d (yt(j) ) t(])7 y’x>

(10)

Lemma 2. [Jensen’s Inequality] For a convex
function f and a finite set {z;}?_,, we have

/ (;Z) <3 fw),
=1 =1

When A(x,y) < 0, by applying Jensen’s inequality
in Eq. 7, we have:

1D

R(x,y) = <"%E;tldj>z4(x,y)
> 1 iedi A(z,y)

_ Ay (12)

T

Putting everything together and letting:

(1+d;)A(z,y)

e Az, y) > 0;
9= e%i Alz,y) (13)
n—t” lfA(.f?y) < 07

ﬁlb(az, y) is constructed as a linear sum of g;:

ZQJ

As shown in Algorithm 1, the linearity of Ryy(z, i)
(as well as jlb(G)) enables us to separate the gra-
dient backpropagation for each y,;), thus keeping
the memory usage constant and allowing a larger
sample size n;.

Rlb x y (14)

3.2 Proof of Equivalence

In on-policy training where 7y = mg_,, the value
of {r, is equal to £r, ., which means the value of
d; is always 0. By applying this to Eq. 7 and 14,
we can find the values of Ryp(x,y) and R(z, y) are
both equal to A(z,y). Moreover, the gradient of
Rip(z,7) is also the same as that of R(z, y) when
d; = 0. Specifically, by applying the chain rule of
the derivative, we have:

ViR(e.p) = Vo (5 Ay )

_ (= o) A(z,y)Vo (Z dj)

g
:: Z Az, y V@d (15)
Similarly, when A(z,y) > 0, we have:
(1+dj)A(z
VoRiv(z,y) ( )
i A(z,y) ng (16)
and when A(z,y) < 0, we have:
5 < ede([IJ,y)
VoRu(z.y) = Vo | 3 — =
7=1
B i A(z, y)edﬂ'ngj
J=1 nt
dj=0 o A(x,y)Vod; (17
5 ng '
7j=1
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Algorithm 1 BGPO

Input: dataset D; initial policy model 7g; hyperparameters: G, ns, 7).

1: for iteration=1,2,..., M do

2 Update the old policy 7g,,, < m¢ and sample a batch D; from D
3 for each prompt = € D;, do
4: Sample G response {3V}, ~ g, (-]2*)) and compute advantages { A(x,y")}&; using Eq. 18
5: for i = 1to G do
6: Sample n; timestamp {t(j)}?;l ~ U0,1]
7 for j = 1ton; do
8 Sample partially masked response yi@) ~ q(-[t9,y @ 2)
9: Compute g; using Eq. 13 and let £; < f%
10: Backpropagate the gradient of £; (> graident accumulation)
11: end for
12: end for
13:  end for
14:  Update the policy 6 <— 0 — nVy
15: end for
Output: 7

Therefore, Ry (, y) and R (x, y) (as well as Jiy (6)
and 7 (0)) are equivalent in terms of both value
and gradient in on-policy training. This means like
J(0), Ji(0) is also an effective approximation of
J(0), and using a large sample size n; can reduce
the bias and variance of j]b(H) and its gradient,
leading to better model performance.

RL training often adopts off-policy optimiza-
tion to improve sample efficiency. In this setting,
where 7y # 7y, though the equivalence between
Rip(z,y) and R(z,y) no longer holds because
d; # 0, optimizing Rin(x,y) as a lower bound
of R(x,y) still proves effective in driving policy
improvement, as shown by the experiments in Sec-
tion 4.

3.3 Final Loss of BGPO

In practice, we adopt group-based advantage esti-
mation. Specifically, for each prompt x, we sam-
ple G responses yV), ..., 4(©) from Ty, (-|z). Let
r(z,5?) denotes the reward of y(*). The advan-
tage of y() is defined as:
; r(z,y ™) —mean({r(z,yU)} )
A(z,yV) = std({r(z,y))}5)) :

Accordingly, the loss for BGPO is formulated as:

L\~ (i)
- 7—‘)'lb(xayz )] .
G2

(19)

Finally, we summarize our BGPO algorithm in
Algorithm 1.

. (18)

Lygpo=—E o~D,

(YO}~ (o)

4 Experiment

In this section, we empirically validate the efficacy
of BGPO through extensive RL experiments.

4.1 Setup

Models. We employ LLaDA-8B-Instruct (Nie
et al., 2025b), a state-of-the-art dLLM that has
undergone pre-training and supervised fine-tuning,
as our initial policy model.

Datasets. We conduct RL experiments in three
domains: math problem solving, code genera-
tion, and planning tasks (Ye et al., 2025). For
math problem solving, we train the model on a
mix of the training splits of MATH (Hendrycks
et al., 2021) and GSMS8K (Cobbe et al., 2021),
and evaluate on the respective test sets. For code
generation, we use 16K medium-difficulty prob-
lems filtered from DeepCoder (Luo et al., 2025)
as the training set, and adopt MBPP (Austin et al.,
2021b) and HumanEval (Chen et al., 2021) as test
sets. For planning tasks, we train and evaluate on
Countdown (Pan et al., 2025) and Sudoku (Arel,
2025), adopting the same training and test splits as
d1 (Zhao et al., 2025a).

Implementation Details. We build BGPO based
on the VeRL (Sheng et al., 2025) framework. The
maximum response lengths for math problem solv-
ing, coding generation, and planning tasks are set to
512,512, and 256, respectively. Both on-policy and
off-policy settings are evaluated, where the mini-
batch sizes are set to 16 and 8, respectively, with
the same batch size of 16. That is, in the off-policy
setting, each batch of rollout data is divided into
two mini-batches for two gradient updates. The
rollout group size GG and the learning rate are set
to 8 and 5 x 1077, respectively. The MC sample
size n; is set to 32 for Sudoku and 16 for other
tasks. See Table 5 for more detailed hyperparam-
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Model Mathematics Coding Planning
MATH500 GSMS8K  HumanEval MBPP Sudoku Countdown

Prior works with LLaDA

d1-LLaDA (Zhao et al., 2025a) 40.2 82.1 - - 16.7 32.0

wdl (Tang et al., 2025) 39.0 82.3 - - 25.2 46.1

LLaDA-IGPO (Zhao et al., 2025b) 42.8 83.6 - - - -

LLaDA-1.5 (Zhu et al., 2025) 42.6 83.3 45.0% 40.0%* - -

RL from LLaDA-8B-Instruct

LLaDA-8B-Instruct (Nie et al., 2025b) 39.6 79.3 45.1 39.1 12.0 19.5

+ diffu-GRPO (Zhao et al., 2025a) 43.1 (+3.5) 82.1(+2.8) 47.0(+1.9) 403 (+12) 267 (+14.7) 53.1(+33.6)

+ VRPO-OL (Zhu et al., 2025) 44.1 (+4.5) 833 (+4.0) 44.8(-03) 41.5(+2.4) 26.1 (+14.1) 84.8 (+65.3)

+ BGPO (off-policy) 449 (+5.3) 84.5(+5.2) 474 (+23) 41.0(+19) 26.0(+14.0) 84.8 (+65.3)

+ BGPO 45.7 (+6.1) 84.3(+5.0) 47.6(+2.5) 41.7 (+2.6) 26.9 (+14.9) 87.5 (+68.0)

Table 1: Performance comparison between BGPO and different baselines on mathematics, coding, and planning
tasks. "*" indicates we re-evaluated the model using the same code environment. The delta scores in parentheses

indicate the improvement or decline compared to LLaDA-8B-Instruct.
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Figure 2: Training reward dynamics of diffu-GRPO, VRPO-OL and BGPO across different tasks.

eters. Following Zhao et al. (2025a), we evaluate
trained models (including baselines) every 20 steps
and report results from the best-performing check-
point. All experiments are conducted on 8 xH800
GPUs.

Baselines. We mainly compare BGPO with two
representative RL algorithms for dLLMs that are
introduced in Section 2: (1) diffu-GRPO (Zhao
et al., 2025a), an on-policy algorithm that approx-
imates the log-likelihoods with single-pass mean-
field estimation; (2) VRPO-OL, the online version
of VRPO (Zhu et al., 2025) that adopts ELBO-
based likelihood approximation and uses the ob-
jective in Eq 6. We set the MC sampling sizes of
VRPO-OL to the maximum that H800 can support,
i.e., n; = 4 for math and planning tasks and n; = 2
for code generation, since the prompts of coding
tasks are longer. Besides, we also present the re-
sults of several prior works as references, including
d1 (Zhao et al., 2025a), wdl (Tang et al., 2025),
LLaDA-IGPO (Zhao et al., 2025b), and LLaDA
1.5 (Zhu et al., 2025), although their training set-
tings are partially different from ours.

4.2 Main Results

Table 1 presents the performance of BGPO and
different baselines on math problem solving, code
generation, and planning tasks. As shown, our
BGPO algorithm achieves significant improvement
over LLaDA-8B-Instruct, and also outperforms pre-
vious RL algorithms (diffu-GRPO and VRPO-OL)
on all tasks, indicating that BGPO can produce a
more accurate approximation of the RL objective
compared to these baselines. Specifically, BGPO
improves the performance of LLaDA-8B-Instruct
by about 5.5% and 2.5% on mathematical and cod-
ing tasks, respectively, and dramatically improves
the performance on Sudoku and Countdown by
14.9% and 68.0%. In the off-policy setting, BGPO
still demonstrates strong performance, surpassing
all baselines on both the math and Countdown tasks
and achieving comparable improvements on other
tasks. Moreover, the model trained with BGPO
also outperforms all previous LLaDA-based mod-
els (e.g., wdl and LLaDA-1.5), achieving state-of-
the-art results.

Figure 2 shows the reward dynamics of BGPO,
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Figure 3: Left and middle: Standard deviation (std) and bias of gradients with different MC sampling size n,. Right:

Training speed comparison between baselines.

diffu-GRPO, and VRPO-OL during training on
different tasks. The reward of BGPO is higher than
the other two baselines in most steps. Particularly,
BGPO exhibits a notably faster reward increase
and higher reward on the Countdown task, where
the exploration space is relatively simple. These
phenomena demonstrate that the larger MC sample
size of BGPO brings a more accurate optimization
direction.

4.3 Effect of Increasing MC Sample Sizes

To demonstrate the effect of increasing the MC
sample size n; in approximating the RL objective,
we train LLaDA-8B-Instruct on math problem solv-
ing using BGPO with different n;. As shown in
Table 2, the model performance consistently im-
proves as n; increases from 1 to 16, implying that
larger MC sample sizes can produce more approxi-
mations of the RL objective.

Model ‘ MATH500 GSMSK
LLaDA-8B-Instruct 39.6 79.3
+BGPO (n; = 1) 43.5 83.5
+BGPO (n; = 2) 44.1 82.5
+BGPO (n; = 4) 44.1 83.0
+ BGPO (n; = 8) 45.3 83.9
+ BGPO (n; = 16) 45.7 84.3

Table 2: Performance of BGPO with different Monte
Carlo sampling size n; on mathematics benchmarks.

To further illustrate this, we compare the stan-
dard deviation and bias of the loss gradients of
different RL algorithms with different n; 2. Specif-
ically, we compute the gradient of a batch 8 times
with different MC sample sizes, and then calculate
the standard deviation for each parameter. For the
bias calculation, we use the gradient with n; = 256
to simulate the golden gradient. As shown in the

2We do not directly compare the variance and bias of the
loss since the value of loss is always 0 in on-policy training.

left and middle of Figure 3, the gradient variance
and bias of diffu-GRPO are quite large, since it
adopts single-pass estimation and also partially
masks the prompt. In contrast, the gradient vari-
ance and bias of VRPO-OL and BGPO gradu-
ally decrease as the MC sample size n; increases.
BGPO, in particular, achieves smaller variance and
bias by using a larger n;, as its memory overhead
remains constant regardless of n;, while VRPO-OL
exceeds the memory limit of H100 at n; = 8 (see
the left of Figure 1). This allows BGPO to have a
more accurate optimization direction and more sta-
ble training, resulting in better model performance.

4.4 Ablation of Lemma 1 and Lemma 2

To demonstrate the necessity of using both lemmas,
we study the results on math tasks when only one of
them is applied. Since the equivalence always holds
in on-policy settings and thus cannot reveal the
individual roles of the two lemmas as boundaries,
we adopt an off-policy setting (mini-batch size of 8
with batch size of 16) instead. As shown in Table 3,
using either Lemma 1 or Lemma 2 alone leads to
significant performance degradation.

Model | MATH500 GSMSK
LLaDA-8B-Instruct 39.6 79.3
+ BGPO (Lemma 1) 42.1 83.5
+ BGPO (Lemma 2) 43.1 83.9
+ BGPO (Lemma 1 & 2) 44.9 84.5

Table 3: Ablation study of BGPO with different theoret-
ical components on mathematics benchmarks.

4.5 Out-of-domain Performance

To evaluate the out-of-domain generalization ca-
pability of BGPO, we train models on math and
coding tasks, respectively, and evaluate them on
other tasks. As presented in Table 4, the model
trained on math tasks improves its performance on
the planning tasks, and the model trained on coding
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Mathematics Coding Planning
Model MATH500 GSMS8K HumanEval MBPP Sudoku Countdown
LLaDA-8B-Instruct 39.6 79.3 45.1 39.1 6.3 14.5
+BGPO (train on math tasks) 44.2 38.6 8.6 21.1
+BGPO (train on coding tasks) 40.8 80.4 9.2 21.5

Table 4: Out-of-domain performance of BGPO. The in-domain results are in gray.

tasks achieves improvement on both math and plan-
ning tasks, demonstrating the good generalizability
of BGPO.

4.6 Training Efficiency Comparison

A potential concern for BGPO is that the large
MC sample size may slow each RL step and re-
duce training efficiency. To allay this concern, we
compare the averaged training step time of BGPO
with baseline methods on math problem solving,
with the maximum response length set to 512. As
shown in the right of Figure 3, even though BGPO
adopts a much larger MC sample size (i.e., 4x of
VRPO-OL), its average step time increases only
slightly. This is because the runtime of each step
is dominated by response rollout (sampling G re-
sponses for each prompt) rather than by objective
computation and policy updates.

5 Related Work

5.1 Diffusion Large Language Models

Diffusion large language models (dLLMs), which
generate text through masked diffusion (Austin
et al., 2021a; Sahoo et al., 2024; Shi et al., 2024;
Ou et al., 2025; Nie et al., 2025a), have recently
achieved significant advances, demonstrating per-
formance comparable to similarly-sized autoregres-
sive models. Among existing open-source dLLMs,
DiffuLLaMA (Gong et al., 2025a), Dream (Ye
et al., 2025), and SDAR (Cheng et al., 2025) are
adapted from pre-trained autoregressive LLMs,
while LLaDA (Nie et al., 2025b) is trained from
scratch using bidirectional attention by maximiz-
ing the ELBOs of log-likelihoods, presenting a
complete process of pre-training and supervised
fine-tuning of dLLMs. Moreover, several commer-
cial dLLMs like Mercury (Inception Labs et al.,
2025), Gemini Diffusion (DeepMind, 2025), and
Seed Diffusion (Song et al., 2025) not only achieve
leading performance in code generation but also of-
fer significantly faster inference, demonstrating the
practical viability of dLLMs and their promising
alternative to autoregressive LLMs.

5.2 Reinforcement Learning for dLLMs

Applying RL to dLLMs presents unique challenges
compared to autoregressive models. The itera-
tive, non-sequential generation process of dLLMs
makes their likelihood functions intractable, neces-
sitating the approximation of log-likelihoods for
policy optimization. For instance, d1 (Zhao et al.,
2025a) proposed diffu-GRPO, which approximates
the log-likelihoods of dLLMs through single-pass
mean-field estimation. Following wd1 (Tang et al.,
2025; Zhao et al., 2025b) and IGPO (Zhao et al.,
2025b) also adopt this approximation approach.
Though efficient, the single-pass estimation intro-
duces notable bias relative to the exact likelihoods.
Alternatively, VRPO (Zhu et al., 2025) in LLaDA
1.5 approximates the log-likelihoods by their EL-
BOs, which is estimated via Monte Carlo (MC)
sampling. Theoretically, this method can produce
highly accurate approximations by using a large
MC sample size. However, the practical sample
size used in training is severely constrained by the
GPU memory limit, since the computational graphs
of all samples need to be retained for the gradient
calculation of the non-linear function in the RL ob-
jective. While our BGPO algorithm addresses this
memory-inefficiency limitation and supports large
MC sample sizes, thereby effectively reducing the
bias and variance of approximations and achieving
better performance.

6 Conclusion

In this work, we propose BGPO, a memory-
efficient RL algorithm for dLLMs that supports
a large Monte Carlo sample size for approximating
the sequence-level log-likelihoods and the final ob-
jective, thereby effectively reducing the bias and
variance of approximations and leading to better
model performance. We theoretically prove the
equivalence of our BGPO objective and the previ-
ous ELBO-based objective, and conduct extensive
experiments to validate the efficacy of BGPO. We
hope that our work lays a solid foundation for fu-
ture research on RL of dLLMs.
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7 Limitations

In this work, we only conduct experiments on 8B-
level models, since there are no larger open-source
dLLMs, and our computational resources are also
limited. Nonetheless, we believe our BGPO algo-
rithm can be well applied to larger dLLMs due to
its solid theoretical foundation.
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A Detailed Hyperparameters

We present detailed hyperparameters of BGPO on
different tasks in Table 5. Following previous
works, we adopt a block-wise decoding strategy
in both training and evaluation. The choices of
response length, diffusion step, and block size also
follow Zhu et al. (2025) and Zhao et al. (2025a)
for obtaining the best performance.

B Length Extrapolation Analysis

Table 6 presents our inference-time length scaling
results across multiple benchmarks. As shown,
performance generally peaks when the inference
length matches the training length, but deterio-
rates as the sequence length increases. This de-
cline can be attributed to the limited long-chain-
of-thought reasoning capabilities of current open-
source dLLMs. As the sequence length grows,
dLLMs struggle to retain and process information
over extended contexts, resulting in diminished per-
formance. This observation is consistent with prior
works (Zhu et al., 2025; Zhao et al., 2025a).
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MC sample size n;

Task Response length  Diffusion step Block size

diffu-GRPO VRPO-OL BGPO
Mathematics 512 /512% 256 /512%* 32/32% 1 4 16
Coding 512 /512% 512/512%* 32/32% 1 2 16
Sudoku 256 /256%* 128 / 256%* 32/32% 1 4 32
Countdown 256 /256%* 128 / 256%* 32/32% 1 4 16

Table 5: Detailed hyperparameters for different tasks. "*" denotes the different hyperparameters used in evaluation.

Mathematics Coding Planning
Length ' \TH500 GSMSK HumanEval MBPP Sudoku Countdown
256 40.8 76.4 40.9 27 269 87.5
512 45.7 84.3 47.6 417 24.6 84.4
1024 41.9 83.8 48.9 41.1 25.9 84.0
2048 44.1 83.7 48.6 413 235 75.4

Table 6: Inference-time length scaling results across different benchmarks.
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