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Abstract001

A key challenge in applying reinforcement002
learning (RL) to diffusion large language mod-003
els (dLLMs) is the intractability of their like-004
lihood functions, which are essential for the005
RL objective, necessitating corresponding ap-006
proximation during training. While existing007
methods approximate the log-likelihoods by008
their evidence lower bounds (ELBOs) via cus-009
tomized Monte Carlo (MC) sampling, they in-010
cur significant memory overhead due to the011
need to retain all MC samples for the gradient012
computation of non-linear terms in the RL ob-013
jective, and thus restrict feasible sample sizes,014
leading to imprecise likelihood approximations015
and distorted RL objective. To address this,016
we propose Boundary-Guided Policy Optimiza-017
tion (BGPO), a memory-efficient RL algorithm018
that maximizes a specially constructed lower019
bound of the ELBO-based objective. This020
lower bound is carefully designed to satisfy021
two key properties: (1) Linearity: it is a linear022
sum where each term depends only on a single023
MC sample, thereby enabling gradient accu-024
mulation across samples and ensuring constant025
memory usage; (2) Equivalence: Both the value026
and gradient of this lower bound are equal to027
those of the ELBO-based objective in on-policy028
training, making it also an effective approxima-029
tion for the original RL objective. These prop-030
erties allow BGPO to adopt a large MC sample031
size, improving likelihood approximations and032
RL objective estimation, which in turn leads to033
enhanced performance. Experiments show that034
BGPO significantly outperforms previous RL035
algorithms for dLLMs in math problem solving,036
code generation, and planning tasks.037

1 Introduction038

Recently, diffusion large language models (dLLMs)039

have emerged as promising alternatives to conven-040

tional autoregressive models (ARMs), demonstrat-041

ing competitive performance in various language042

modeling tasks (Nie et al., 2025b; Ye et al., 2025;043

Gong et al., 2025b; Cheng et al., 2025). Unlike 044

ARMs, which generate sequences in a left-to-right, 045

token-by-token manner, dLLMs iteratively unmask 046

tokens in parallel, offering the potential for sig- 047

nificant inference acceleration (DeepMind, 2025; 048

Inception Labs et al., 2025; Song et al., 2025; Wu 049

et al., 2025). Despite these advancements, existing 050

work focuses mainly on pre-training and super- 051

vised fine-tuning of dLLMs, while leveraging rein- 052

forcement learning (RL) to further enhance dLLMs 053

remains a challenging problem, even though RL 054

has demonstrated significant efficacy in improv- 055

ing various capabilities of LLMs (OpenAI, 2024; 056

DeepSeek-AI et al., 2025). 057

A key challenge in applying RL to dLLMs is 058

the intractability of their likelihood functions (Zhu 059

et al., 2025; Zhao et al., 2025a; Tang et al., 2025). 060

Specifically, the iterative, non-sequential gener- 061

ation process precludes exact calculation of the 062

log-likelihood for generated responses (Zhu et al., 063

2025; Zhao et al., 2025a; Tang et al., 2025), which 064

is essential for RL algorithms (Schulman et al., 065

2017; Shao et al., 2024). In light of this, recent 066

work has explored approximating log-likelihoods 067

by their evidence lower bounds (ELBOs) via cus- 068

tomized Monte Carlo (MC) sampling (Zhu et al., 069

2025). While increasing the MC sample size can 070

yield highly accurate approximations (Ho et al., 071

2020; Song et al., 2021), this approach incurs sub- 072

stantial memory overhead during RL training, as it 073

requires storing the forward computational graphs 074

for all MC samples to compute the gradient of 075

non-linear terms in the RL objective. As a result, 076

practical implementations can only adopt relatively 077

small sample sizes (e.g., nt = 4 as illustrated in 078

the left of Figure 1) due to hardware constraints, 079

which directly amplifies errors in log-likelihood 080

approximation and introduces substantial bias and 081

variance for the estimated objective and its gradi- 082

ents, ultimately degrading performance. 083

To address this limitation, we propose Boundary- 084
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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 nt 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.

Guided Policy Optimization (BGPO), a memory-085

efficient RL algorithm for dLLMs that supports086

large MC sample sizes for log-likelihood and RL087

objective approximation. Specifically, BGPO max-088

imizes a constructed lower bound of the ELBO-089

based objective. This lower bound is carefully de-090

signed to satisfy two critical properties: (1) Lin-091

earity: it is formulated in a linear sum where each092

term associates with a single MC sample, thereby093

enabling gradient accumulation across samples and094

ensuring constant memory usage irrespective of095

sample size; (2) Equivalence: Both the value and096

gradient of the lower bound are equal to those of097

the ELBO-based objective in on-policy training,098

ensuring that the lower bound can also effectively099

approximate the original RL objective. These prop-100

erties allow BGPO to adopt a large MC sample size101

to obtain a more accurate approximation for the RL102

objective, thereby achieving better performance.103

To validate the effectiveness of BGPO, we con-104

duct RL experiments with LLaDA-8B-Instruct on105

math problem solving, code generation, and plan-106

ning tasks. The results show that BGPO signifi-107

cantly improves the performance of LLaDA-8B-108

Instruct across all tasks and also outperforms pre-109

vious RL algorithms for dLLMs. Further analysis110

demonstrates that increasing the MC sample size ef-111

fectively reduces the bias and variance of gradients112

and improves model performance. Notably, BGPO113

achieves these improvements with only marginal114

increases in average training step time, despite its115

larger sample size.116

In summary, our main contributions include: (1)117

We propose BGPO, a memory-efficient RL algo-118

rithm for dLLMs that supports large MC sample119

sizes in the approximation of log-likelihoods and120

the RL objective; (2) We theoretically prove the121

equivalence of the BGPO objective and the ELBO-122

based objective in on-policy training, demonstrat- 123

ing that BGPO also provides an effective approxi- 124

mation of the original RL objective; (3) Through 125

comprehensive experiments, we validate the effi- 126

cacy of BGPO and demonstrate the value of larger 127

MC sample sizes in boosting model performance. 128

We hope our work establishes a firm foundation for 129

future research on RL for dLLMs. 130

2 Preliminary 131

2.1 Masked Diffusion Language Models 132

Masked dLLMs employ a non-autoregressive gen- 133

eration paradigm, generating text through progres- 134

sive denoising. At their core lies a mask pre- 135

dictor pθ (Austin et al., 2021a; Ou et al., 2025), 136

which learns the data distribution via a forward- 137

reverse framework. Starting from the original text 138

at t = 0, the forward process gradually masks the 139

input tokens until the sequence is fully masked 140

at t = 1. Following LLaDA (Nie et al., 2025b), 141

at time t ∈ (0, 1), each token is replaced by the 142

mask token M with probability t and remains un- 143

masked with probability 1− t. In the reverse pro- 144

cess, the mask predictor recovers this sequence by 145

iteratively predicting the masked tokens as time 146

reverses from 1 to 0. In conditional generation 147

scenarios, the prompt x always remains unmasked, 148

and the forward-reverse process is only applied to 149

the response y. 150

2.2 Challenges of Applying RL to dLLMs. 151

Reinforcement learning (RL) has proved effective 152

for improving language models. The basic objec- 153

tive is to maximize: 154

J (θ) =Ex∼D,y∼πθ(·|x)A(x, y) 155

=Ex∼D,y∼πθold (·|x)
πθ(y|x)
πθold (y|x)

A(x, y), 156

=Ex∼D,y∼πθold (·|x)
R(x, y), (1) 157
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where πθ, πθold , and A(x, y) denote the current pol-158

icy, old policy, and sequence-level advantage, re-159

spectively, and160

R(x, y) = elog πθ(y|x)−log πθold (y|x)A(x, y). (2)161

However, applying RL to dLLMs is nontrivial,162

since the iterative denoising generation makes the163

exact computation of log πθ(y|x) intractable.164

To address this, recent work has developed sev-165

eral methods to approximate log πθ(y|x). diffu-166

GRPO (Zhao et al., 2025a) adopts a single-167

pass estimation, simply making log πθ(y|x) =168 ∑|y|
i=1 log pθ(y

i|x′), where yi is the i-th token of169

y and x′ is a randomly masked prompt. Though170

efficient, it introduces notable bias relative to the ex-171

act policy. Alternatively, VRPO (Zhu et al., 2025)172

proposes to approximate log πθ(y|x) using its evi-173

dence lower bound (ELBO):174

Bπθ
(y|x) ≜ Et∼U [0,1],yt∼q(·|t,y,x)ℓπθ

(yt, t, y|x),
(3)175

where q(·|t, y, x) denotes the forward masking pro-176

cess for the response y at time t, and177

ℓπθ
(yt, t, y|x) ≜

1

t

|yt|∑
i=1

1[yit=M] log pθ(y
i|yt, x).

(4)178

Specifically, they estimate Bπ(y|x) via customized179

Monte Carlo sampling:180

B̂πθ
(y|x)= 1

nt

nt∑
j=1

ℓπθ
(yt(j) , t

(j), y|x), (5)181

where t(j)
i.i.d.∼ U [0, 1] and yt(j)

i.i.d.∼ q(·|t(j), y, x)182

are the sampled timestamps and corresponding par-183

tially masked responses. Substituting B̂πθ
(y|x)184

into Eq. 1 yields an approximated RL objective:185

Ĵ (θ) = Ex∼D,y∼πθold (·|x)
R̂(x, y), (6)186

where187

R̂(x, y) = eB̂πθ
(y|x)−B̂πold (y|x)A(x, y). (7)188

Notably, previous work has shown that when the189

sample size nt is large enough, the bias of B̂π(y|x)190

for a well-trained model relative to log πθ(y|x) will191

become negligible (Ho et al., 2020; Song et al.,192

2021). However, using a large nt in training re-193

quires a huge amount of GPU memory: Each time194

R̂(x, y) is computed, nt forward passes of pθ need195

to be executed (i.e., Eq. 4 and 5), and all the nt196

computational graphs must be retained in memory 197

to calculate the gradient of the exponential function 198

in Eq. 7. As a result, in practice, the sample size 199

can only remain small (e.g., nt = 4), which results 200

in inaccurate approximations for the likelihoods as 201

well as the final objective, seriously affecting the 202

final performance. 203

To break through this limitation, we propose 204

Boundary-Guided Policy Optimization (BGPO), a 205

memory-efficient RL algorithm for dLLMs that 206

supports a large Monte Carlo sample size, thereby 207

enabling more accurate approximations and achiev- 208

ing better performance. A detailed introduction is 209

provided in the following sections. 210

3 BGPO 211

Following Zhu et al. (2025), our BGPO algorithm 212

also uses the estimated ELBO B̂πθ
(y|x) to approx- 213

imate log πθ(y|x). The main difference is that 214

instead of directly maximizing the approximated 215

objective Ĵ (θ), BGPO turns to maximize a con- 216

structed tight lower bound of Ĵ (θ): 217

Ĵlb(θ) = Ex∼D,y∼πθold (·|x)
R̂lb(x, y), (8) 218

where R̂lb(x, y)≤R̂(x, y). Specifically, R̂lb(x, y) 219

is carefully designed so that it satisfies the follow- 220

ing two properties1: 221

• Linearity: R̂lb(x, y) is formulated as
∑nt

j=1 gj , 222

where gj is a function of the partially masked 223

sample yt(j) at time t(j). Therefore, we can back- 224

propagate the gradient of gj for each yt(j) sepa- 225

rately and update the policy after all backward 226

passes, so that the memory usage becomes irrele- 227

vant to the MC sample size nt. 228

• Equivalence: In on-policy training (i.e., πθold = 229

πθ), the value and gradient of R̂lb(x, y) are al- 230

ways equal to those of R̂(x, y), making Ĵlb(θ) 231

equivalent to Ĵ (θ) and also an effective approxi- 232

mation of the original RL objective J (θ). 233

These two properties allow BGPO to use a larger 234

MC sample size in the likelihood approximation, 235

which effectively reduces the bias and variance of 236

Ĵlb(θ) and its gradient, leading to better perfor- 237

mance. In the following, we will introduce the 238

construction of R̂lb(x, y) in detail. 239

1For simplicity, we mainly discuss R̂lb and R̂ in this sec-
tion, while all their properties can directly apply to Ĵlb and Ĵ ,
unaffected by the expectation function.
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3.1 Linear Lower Bound Construction240

The construction of R̂lb(x, y) is different based on241

the sign of the advantage A(x, y):242

• For A(x, y) ≥ 0, we construct R̂lb(x, y) using243

Taylor expansion;244

• For A(x, y) < 0, we construct R̂lb(x, y) using245

Jensen’s inequality.246

Lemma 1. [First-order Taylor Expansion] For247

any δ ∈ R, the exponential function satisfies248

eδ ≥ 1 + δ.249

When A(x, y) ≥ 0, we apply the first-order Taylor250

expansion in Eq. 7, which yields:251

R̂(x, y) = eB̂πθ
(y|x)−B̂πold (y|x)A(x, y)252

= e

(
1
nt

∑nt
j=1 dj

)
A(x, y)253

≥

1 +
1

nt

nt∑
j=1

dj

A(x, y)254

=

nt∑
j=1

(1 + dj)A(x, y)

nt
, (9)255

where256

dj = ℓπθ
(yt(j) , t

(j), y|x)− ℓπθold
(yt(j) , t

(j), y|x).
(10)

257

Lemma 2. [Jensen’s Inequality] For a convex258

function f and a finite set {xi}ni=1, we have259

f

(
1

n

n∑
i=1

xi

)
≤ 1

n

n∑
i=1

f(xi). (11)260

When A(x, y) < 0, by applying Jensen’s inequality261

in Eq. 7, we have:262

R̂(x, y) = e

(
1
nt

∑nt
j=1 dj

)
A(x, y)263

≥

 1

nt

nt∑
j=1

edj

A(x, y)264

=

nt∑
j=1

edjA(x, y)

nt
. (12)265

Putting everything together and letting:266

gj=


(1+dj)A(x,y)

nt
, if A(x, y) ≥ 0;

edjA(x,y)
nt

, if A(x, y) < 0,
(13)267

R̂lb(x, y) is constructed as a linear sum of gj : 268

R̂lb(x, y) =

nt∑
j=1

gj . (14) 269

As shown in Algorithm 1, the linearity of R̂lb(x, y) 270

(as well as Ĵlb(θ)) enables us to separate the gra- 271

dient backpropagation for each yt(j) , thus keeping 272

the memory usage constant and allowing a larger 273

sample size nt. 274

3.2 Proof of Equivalence 275

In on-policy training where πθ = πθold , the value 276

of ℓπθ
is equal to ℓπθold

, which means the value of 277

dj is always 0. By applying this to Eq. 7 and 14, 278

we can find the values of R̂lb(x, y) and R̂(x, y) are 279

both equal to A(x, y). Moreover, the gradient of 280

R̂lb(x, y) is also the same as that of R̂(x, y) when 281

dj = 0. Specifically, by applying the chain rule of 282

the derivative, we have: 283

∇θR̂(x, y) = ∇θ

(
e

(
1
nt

∑nt
j=1 dj

)
A(x, y)

)
284

= e

(∑nt
j=1

dj
nt

)A(x, y)∇θ

(∑nt
j=1 dj

)
nt

285

dj=0
=

nt∑
j=1

A(x, y)∇θdj
nt

. (15) 286

Similarly, when A(x, y) ≥ 0, we have: 287

∇θR̂lb(x, y) = ∇θ

 nt∑
j=1

(1 + dj)A(x, y)

nt

 288

=

nt∑
j=1

A(x, y)∇θdj
nt

, (16) 289

and when A(x, y) < 0, we have: 290

∇θR̂lb(x, y) = ∇θ

 nt∑
j=1

edjA(x, y)

nt

 291

=

nt∑
j=1

A(x, y)edj∇θdj
nt

292

dj=0
=

nt∑
j=1

A(x, y)∇θdj
nt

. (17) 293

Therefore, R̂lb(x, y) and R̂(x, y) (as well as Ĵlb(θ) 294

and Ĵ (θ)) are equivalent in terms of both value 295

and gradient in on-policy training. This means like 296
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Algorithm 1 BGPO
Input: dataset D; initial policy model πθ; hyperparameters: G, nt, η.
1: for iteration = 1, 2, . . . ,M do
2: Update the old policy πθold ← πθ and sample a batch Db from D
3: for each prompt x ∈ Db do
4: Sample G response {y(i)}Gi=1 ∼ πθold(·|x

(b)) and compute advantages {A(x, y(i))}Gi=1 using Eq. 18
5: for i = 1 to G do
6: Sample nt timestamp {t(j)}nt

j=1 ∼ U [0, 1]
7: for j = 1 to nt do
8: Sample partially masked response y

(i)

t(j)
∼ q(·|t(j), y(i), x)

9: Compute gj using Eq. 13 and let Lj ← − gj
G

10: Backpropagate the gradient of Lj (▷ graident accumulation)
11: end for
12: end for
13: end for
14: Update the policy θ ← θ − η∇θ

15: end for
Output: πθ

Ĵ (θ), Ĵlb(θ) is also an effective approximation of297

J (θ), and using a large sample size nt can reduce298

the bias and variance of Ĵlb(θ) and its gradient,299

leading to better model performance.300

RL training often adopts off-policy optimiza-301

tion to improve sample efficiency. In this setting,302

where πθ ̸= πθold , though the equivalence between303

R̂lb(x, y) and R̂(x, y) no longer holds because304

dj ̸= 0, optimizing R̂lb(x, y) as a lower bound305

of R̂(x, y) still proves effective in driving policy306

improvement, as shown by the experiments in Sec-307

tion 4.308

3.3 Final Loss of BGPO309

In practice, we adopt group-based advantage esti-310

mation. Specifically, for each prompt x, we sam-311

ple G responses y(1), . . . , y(G) from πθold(·|x). Let312

r(x, y(i)) denotes the reward of y(i). The advan-313

tage of y(i) is defined as:314

A(x, y(i)) =
r(x,y(i))−mean({r(x,y(j))}Gj=1)

std({r(x,y(j))}Gj=1)
. (18)315

Accordingly, the loss for BGPO is formulated as:316

LBGPO=−E x∼D,
{y(i)}Gi=1∼πθold (·|x)

[
1

G

G∑
i=1

R̂lb(x, y
(i))

]
.

(19)

317

Finally, we summarize our BGPO algorithm in318

Algorithm 1.319

4 Experiment320

In this section, we empirically validate the efficacy321

of BGPO through extensive RL experiments.322

4.1 Setup 323

Models. We employ LLaDA-8B-Instruct (Nie 324

et al., 2025b), a state-of-the-art dLLM that has 325

undergone pre-training and supervised fine-tuning, 326

as our initial policy model. 327

Datasets. We conduct RL experiments in three 328

domains: math problem solving, code genera- 329

tion, and planning tasks (Ye et al., 2025). For 330

math problem solving, we train the model on a 331

mix of the training splits of MATH (Hendrycks 332

et al., 2021) and GSM8K (Cobbe et al., 2021), 333

and evaluate on the respective test sets. For code 334

generation, we use 16K medium-difficulty prob- 335

lems filtered from DeepCoder (Luo et al., 2025) 336

as the training set, and adopt MBPP (Austin et al., 337

2021b) and HumanEval (Chen et al., 2021) as test 338

sets. For planning tasks, we train and evaluate on 339

Countdown (Pan et al., 2025) and Sudoku (Arel, 340

2025), adopting the same training and test splits as 341

d1 (Zhao et al., 2025a). 342

Implementation Details. We build BGPO based 343

on the VeRL (Sheng et al., 2025) framework. The 344

maximum response lengths for math problem solv- 345

ing, coding generation, and planning tasks are set to 346

512, 512, and 256, respectively. Both on-policy and 347

off-policy settings are evaluated, where the mini- 348

batch sizes are set to 16 and 8, respectively, with 349

the same batch size of 16. That is, in the off-policy 350

setting, each batch of rollout data is divided into 351

two mini-batches for two gradient updates. The 352

rollout group size G and the learning rate are set 353

to 8 and 5 × 10−7, respectively. The MC sample 354

size nt is set to 32 for Sudoku and 16 for other 355

tasks. See Table 5 for more detailed hyperparam- 356
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Model Mathematics Coding Planning

MATH500 GSM8K HumanEval MBPP Sudoku Countdown

Prior works with LLaDA

d1-LLaDA (Zhao et al., 2025a) 40.2 82.1 - - 16.7 32.0
wd1 (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) 40.3 (+1.2) 26.7 (+14.7) 53.1 (+33.6)
+ VRPO-OL (Zhu et al., 2025) 44.1 (+4.5) 83.3 (+4.0) 44.8 (-0.3) 41.5 (+2.4) 26.1 (+14.1) 84.8 (+65.3)
+ BGPO (off-policy) 44.9 (+5.3) 84.5 (+5.2) 47.4 (+2.3) 41.0 (+1.9) 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 evaluate357

trained models (including baselines) every 20 steps358

and report results from the best-performing check-359

point. All experiments are conducted on 8 ×H800360

GPUs.361

Baselines. We mainly compare BGPO with two362

representative RL algorithms for dLLMs that are363

introduced in Section 2: (1) diffu-GRPO (Zhao364

et al., 2025a), an on-policy algorithm that approx-365

imates the log-likelihoods with single-pass mean-366

field estimation; (2) VRPO-OL, the online version367

of VRPO (Zhu et al., 2025) that adopts ELBO-368

based likelihood approximation and uses the ob-369

jective in Eq 6. We set the MC sampling sizes of370

VRPO-OL to the maximum that H800 can support,371

i.e., nt = 4 for math and planning tasks and nt = 2372

for code generation, since the prompts of coding373

tasks are longer. Besides, we also present the re-374

sults of several prior works as references, including375

d1 (Zhao et al., 2025a), wd1 (Tang et al., 2025),376

LLaDA-IGPO (Zhao et al., 2025b), and LLaDA377

1.5 (Zhu et al., 2025), although their training set-378

tings are partially different from ours.379

4.2 Main Results 380

Table 1 presents the performance of BGPO and 381

different baselines on math problem solving, code 382

generation, and planning tasks. As shown, our 383

BGPO algorithm achieves significant improvement 384

over LLaDA-8B-Instruct, and also outperforms pre- 385

vious RL algorithms (diffu-GRPO and VRPO-OL) 386

on all tasks, indicating that BGPO can produce a 387

more accurate approximation of the RL objective 388

compared to these baselines. Specifically, BGPO 389

improves the performance of LLaDA-8B-Instruct 390

by about 5.5% and 2.5% on mathematical and cod- 391

ing tasks, respectively, and dramatically improves 392

the performance on Sudoku and Countdown by 393

14.9% and 68.0%. In the off-policy setting, BGPO 394

still demonstrates strong performance, surpassing 395

all baselines on both the math and Countdown tasks 396

and achieving comparable improvements on other 397

tasks. Moreover, the model trained with BGPO 398

also outperforms all previous LLaDA-based mod- 399

els (e.g., wd1 and LLaDA-1.5), achieving state-of- 400

the-art results. 401

Figure 2 shows the reward dynamics of BGPO, 402
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Figure 3: Left and middle: Standard deviation (std) and bias of gradients with different MC sampling size nt. Right:
Training speed comparison between baselines.

diffu-GRPO, and VRPO-OL during training on403

different tasks. The reward of BGPO is higher than404

the other two baselines in most steps. Particularly,405

BGPO exhibits a notably faster reward increase406

and higher reward on the Countdown task, where407

the exploration space is relatively simple. These408

phenomena demonstrate that the larger MC sample409

size of BGPO brings a more accurate optimization410

direction.411

4.3 Effect of Increasing MC Sample Sizes412

To demonstrate the effect of increasing the MC413

sample size nt in approximating the RL objective,414

we train LLaDA-8B-Instruct on math problem solv-415

ing using BGPO with different nt. As shown in416

Table 2, the model performance consistently im-417

proves as nt increases from 1 to 16, implying that418

larger MC sample sizes can produce more approxi-419

mations of the RL objective.

Model MATH500 GSM8K

LLaDA-8B-Instruct 39.6 79.3
+ BGPO (nt = 1) 43.5 83.5
+ BGPO (nt = 2) 44.1 82.5
+ BGPO (nt = 4) 44.1 83.0
+ BGPO (nt = 8) 45.3 83.9
+ BGPO (nt = 16) 45.7 84.3

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

420
To further illustrate this, we compare the stan-421

dard deviation and bias of the loss gradients of422

different RL algorithms with different nt
2. Specif-423

ically, we compute the gradient of a batch 8 times424

with different MC sample sizes, and then calculate425

the standard deviation for each parameter. For the426

bias calculation, we use the gradient with nt = 256427

to simulate the golden gradient. As shown in the428

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 429

and bias of diffu-GRPO are quite large, since it 430

adopts single-pass estimation and also partially 431

masks the prompt. In contrast, the gradient vari- 432

ance and bias of VRPO-OL and BGPO gradu- 433

ally decrease as the MC sample size nt increases. 434

BGPO, in particular, achieves smaller variance and 435

bias by using a larger nt, as its memory overhead 436

remains constant regardless of nt, while VRPO-OL 437

exceeds the memory limit of H100 at nt = 8 (see 438

the left of Figure 1). This allows BGPO to have a 439

more accurate optimization direction and more sta- 440

ble training, resulting in better model performance. 441

4.4 Ablation of Lemma 1 and Lemma 2 442

To demonstrate the necessity of using both lemmas, 443

we study the results on math tasks when only one of 444

them is applied. Since the equivalence always holds 445

in on-policy settings and thus cannot reveal the 446

individual roles of the two lemmas as boundaries, 447

we adopt an off-policy setting (mini-batch size of 8 448

with batch size of 16) instead. As shown in Table 3, 449

using either Lemma 1 or Lemma 2 alone leads to 450

significant performance degradation.

Model MATH500 GSM8K

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. 451

4.5 Out-of-domain Performance 452

To evaluate the out-of-domain generalization ca- 453

pability of BGPO, we train models on math and 454

coding tasks, respectively, and evaluate them on 455

other tasks. As presented in Table 4, the model 456

trained on math tasks improves its performance on 457

the planning tasks, and the model trained on coding 458

7



Mathematics Coding Planning
Model MATH500 GSM8K HumanEval MBPP Sudoku Countdown

LLaDA-8B-Instruct 39.6 79.3 45.1 39.1 6.3 14.5
+BGPO (train on math tasks) 45.7 84.3 44.2 38.6 8.6 21.1
+BGPO (train on coding tasks) 40.8 80.4 47.6 41.7 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-459

ning tasks, demonstrating the good generalizability460

of BGPO.461

4.6 Training Efficiency Comparison462

A potential concern for BGPO is that the large463

MC sample size may slow each RL step and re-464

duce training efficiency. To allay this concern, we465

compare the averaged training step time of BGPO466

with baseline methods on math problem solving,467

with the maximum response length set to 512. As468

shown in the right of Figure 3, even though BGPO469

adopts a much larger MC sample size (i.e., 4× of470

VRPO-OL), its average step time increases only471

slightly. This is because the runtime of each step472

is dominated by response rollout (sampling G re-473

sponses for each prompt) rather than by objective474

computation and policy updates.475

5 Related Work476

5.1 Diffusion Large Language Models477

Diffusion large language models (dLLMs), which478

generate text through masked diffusion (Austin479

et al., 2021a; Sahoo et al., 2024; Shi et al., 2024;480

Ou et al., 2025; Nie et al., 2025a), have recently481

achieved significant advances, demonstrating per-482

formance comparable to similarly-sized autoregres-483

sive models. Among existing open-source dLLMs,484

DiffuLLaMA (Gong et al., 2025a), Dream (Ye485

et al., 2025), and SDAR (Cheng et al., 2025) are486

adapted from pre-trained autoregressive LLMs,487

while LLaDA (Nie et al., 2025b) is trained from488

scratch using bidirectional attention by maximiz-489

ing the ELBOs of log-likelihoods, presenting a490

complete process of pre-training and supervised491

fine-tuning of dLLMs. Moreover, several commer-492

cial dLLMs like Mercury (Inception Labs et al.,493

2025), Gemini Diffusion (DeepMind, 2025), and494

Seed Diffusion (Song et al., 2025) not only achieve495

leading performance in code generation but also of-496

fer significantly faster inference, demonstrating the497

practical viability of dLLMs and their promising498

alternative to autoregressive LLMs.499

5.2 Reinforcement Learning for dLLMs 500

Applying RL to dLLMs presents unique challenges 501

compared to autoregressive models. The itera- 502

tive, non-sequential generation process of dLLMs 503

makes their likelihood functions intractable, neces- 504

sitating the approximation of log-likelihoods for 505

policy optimization. For instance, d1 (Zhao et al., 506

2025a) proposed diffu-GRPO, which approximates 507

the log-likelihoods of dLLMs through single-pass 508

mean-field estimation. Following wd1 (Tang et al., 509

2025; Zhao et al., 2025b) and IGPO (Zhao et al., 510

2025b) also adopt this approximation approach. 511

Though efficient, the single-pass estimation intro- 512

duces notable bias relative to the exact likelihoods. 513

Alternatively, VRPO (Zhu et al., 2025) in LLaDA 514

1.5 approximates the log-likelihoods by their EL- 515

BOs, which is estimated via Monte Carlo (MC) 516

sampling. Theoretically, this method can produce 517

highly accurate approximations by using a large 518

MC sample size. However, the practical sample 519

size used in training is severely constrained by the 520

GPU memory limit, since the computational graphs 521

of all samples need to be retained for the gradient 522

calculation of the non-linear function in the RL ob- 523

jective. While our BGPO algorithm addresses this 524

memory-inefficiency limitation and supports large 525

MC sample sizes, thereby effectively reducing the 526

bias and variance of approximations and achieving 527

better performance. 528

6 Conclusion 529

In this work, we propose BGPO, a memory- 530

efficient RL algorithm for dLLMs that supports 531

a large Monte Carlo sample size for approximating 532

the sequence-level log-likelihoods and the final ob- 533

jective, thereby effectively reducing the bias and 534

variance of approximations and leading to better 535

model performance. We theoretically prove the 536

equivalence of our BGPO objective and the previ- 537

ous ELBO-based objective, and conduct extensive 538

experiments to validate the efficacy of BGPO. We 539

hope that our work lays a solid foundation for fu- 540

ture research on RL of dLLMs. 541
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7 Limitations542

In this work, we only conduct experiments on 8B-543

level models, since there are no larger open-source544

dLLMs, and our computational resources are also545

limited. Nonetheless, we believe our BGPO algo-546

rithm can be well applied to larger dLLMs due to547

its solid theoretical foundation.548

8 Ethical Considerations549

All the models and datasets used in this work are550

publicly published with permissible licenses.551
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A Detailed Hyperparameters735

We present detailed hyperparameters of BGPO on736

different tasks in Table 5. Following previous737

works, we adopt a block-wise decoding strategy738

in both training and evaluation. The choices of739

response length, diffusion step, and block size also740

follow Zhu et al. (2025) and Zhao et al. (2025a)741

for obtaining the best performance.742

B Length Extrapolation Analysis743

Table 6 presents our inference-time length scaling744

results across multiple benchmarks. As shown,745

performance generally peaks when the inference746

length matches the training length, but deterio-747

rates as the sequence length increases. This de-748

cline can be attributed to the limited long-chain-749

of-thought reasoning capabilities of current open-750

source dLLMs. As the sequence length grows,751

dLLMs struggle to retain and process information752

over extended contexts, resulting in diminished per-753

formance. This observation is consistent with prior754

works (Zhu et al., 2025; Zhao et al., 2025a).755
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Task Response length Diffusion step Block size MC sample size nt

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 MATH500 GSM8K HumanEval MBPP Sudoku Countdown

256 40.8 76.4 40.9 42.7 26.9 87.5
512 45.7 84.3 47.6 41.7 24.6 84.4
1024 41.9 83.8 48.9 41.1 25.9 84.0
2048 44.1 83.7 48.6 41.3 23.5 75.4

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