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Abstract001

Existing policy-gradient methods for auto-002
regressive language models typically select003
subsequent tokens one at a time as actions in004
the policy. While effective for many generation005
tasks, such an approach may not fully capture006
the structure of complex reasoning tasks, where007
a single semantic decision is often realized008
across multiple tokens—for example, when009
defining variables or composing equations.010
This introduces a potential mismatch between011
token-level optimization and the inherently012
block-level nature of reasoning in these013
settings. To bridge this gap, we propose014
Multi-token Policy Gradient Optimization015
(MPO), a framework that treats sequences016
of K consecutive tokens as unified semantic017
actions. This block-level perspective enables018
our method to capture the compositional019
structure of reasoning trajectories and sup-020
ports optimization over coherent, higher-level021
objectives. Experiments on mathematical022
reasoning and coding benchmarks show that023
MPO outperforms standard token-level policy024
gradient baselines, highlight the limitations025
of token-level policy gradients for complex026
reasoning, motivating future research to look027
beyond token-level granularity for reasoning-028
intensive language tasks. 1029

1 Introduction030

Large language models (LLMs) have become the031

foundation of modern natural language understand-032

ing and generation, achieving remarkable results033

through large-scale pretraining and autoregressive034

modeling (Kumar, 2024; Zhu et al., 2024; Tang035

et al., 2025). Recently, there has been increasing036

interest in leveraging policy gradient methods to037

further fine-tune these models, with the aim of038

enhancing their capacity for complex reasoning039

and long-horizon dependency modeling (Ouyang040

et al., 2022). Among these methods, Proximal041

1All codes and dataset will be released upon acceptance.

Policy Optimization (PPO) has emerged as a 042

dominant framework, offering efficient and stable 043

updates for reinforcement learning-based fine- 044

tuning in LLMs (Schulman et al., 2017). Other 045

advanced methods, such as Group Relative Policy 046

Optimization (GRPO) (Shao et al., 2024) and 047

Decoupled Clip and Dynamic Sampling Policy 048

Optimization (DAPO) (Yu et al., 2025), employ 049

group-based and adaptive sampling strategies to 050

address the challenges of structured reasoning and 051

mathematical problem-solving more effectively. 052

However, as shown in Figure 1 left, in 053

complex reasoning tasks such as mathematical 054

reasoning, decision-making (like defining variables 055

or completing equations) evolves over semantic 056

units which contains multiple tokens. Existing 057

policy gradient techniques decompose these 058

structured reasoning steps into a series of 059

local token predictions, disrupting the coherence 060

of the underlying semantic actions (Figure 1 061

right). This fundamental granularity mismatch 062

calls for optimization frameworks that transcend 063

the limitations of token-level actions, enabling 064

more semantically meaningful and globally 065

coherent reasoning abilities in large language 066

models (Mirzadeh et al., 2024; Zhang et al., 067

2025). Overcoming this issue calls for training 068

strategies that capture reasoning actions at a 069

coarser, semantically meaningful level beyond 070

single-token updates. 071

In this paper, we introduce Multi-token Policy 072

Gradient Optimization (MPO), a framework that 073

incorporates block-level action into the policy 074

gradient process. As illustrated in Figure 1 right, 075

instead of treating each token generation as an 076

isolated action, MPO aggregates contiguous blocks 077

of K tokens and unites importance sampling ratios 078

over them. MPO allows the model to consider 079

multiple correlated tokens as a single semantic 080

action, better preserving the internal structure 081

of reasoning steps such as variable definitions, 082
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Action of Prediction

Question :
Evaluate the expression \\[ (a^2+b)^2 - (a^2-b)^2, \\] if 
$a=4$ and $b=1$. 
Let's think step by step to solve the problem and output 
the final answer as '\\boxed{answer}'.
Response:
Perhaps the fastest way is to use the difference of 
squares factorization: 
\\begin{align*}
(a^2 + b)^2 - (a^2 - b)^2 
&= \\bigl[ (a^2 + b) + (a^2 - b) \\bigr] \\cdot
\\bigl[ (a^2 + b) - (a^2 - b) \\bigr] \\\\
&= ( a^2 + b + a^2 - b) \\cdot (a^2 + b - a^2 +b ) \\\\
&= (2 a^2 ) \\cdot (2 b) \\\\
&= 4 a^2 b. \\end{align*}
Since $a= 4$ and $b=1$, this last expression is equal 
to \\[ 4 \\cdot 4^2 \\cdot 1 = 4 \\cdot 16 = \\boxed{64}\\]
so that is our answer.

6 tokens
16 tokens

13 tokens
9 tokens

31 tokens

Figure 1: Left: In reasoning tasks such as mathematical problem-solving or code generation, the model’s decision
process often spans across blocks of tokens—such as equations or functions—rather than being determined by each
token independently; Right: illustration of token-level (NTP/PPO) vs. block-level (MTP/MPO) optimization. MPO
aggregates K tokens as a semantically meaningful block for prediction and optimization, thereby better capturing
sequence structure and long-range dependencies.

function calls, or equation formations. This083

block-level optimization encourages the policy084

to plan over meaningful reasoning segments085

rather than isolated symbols, thus maintaining086

consistency across intermediate decisions and087

improving global reasoning coherence. MPO only088

modifies the importance sampling ratio; it remains089

broadly compatible with existing policy-gradient090

frameworks and can be seamlessly integrated into091

contemporary LLM post-training pipelines. Our092

main contributions are:093

1. We propose Multi-token Policy Gradient094

Optimization (MPO), which enables the095

policy to optimize over structured reasoning096

units rather than isolated tokens.097

2. We incorporate structural multi-token opti-098

mization into the post-training stage of LLMs,099

revealing its potential to enhance reasoning100

coherence and informing new directions for101

policy-gradient research.102

3. MPO consistently outperforms token-level103

policy gradient baselines on mathematical104

reasoning and code generation benchmarks,105

demonstrating its effectiveness in improving106

reasoning ability during post-training.107

2 Related Work108

2.1 Multi-Token Prediction with LLMs109

Multi-token prediction (MTP) is an extension of110

standard auto-regressive language modeling, where111

typically, the model is trained to predict only the112

immediate next token given the preceding context. 113

Gloeckle et al. (Gloeckle et al., 2024) propose 114

using multiple prediction heads to forecast several 115

tokens from each context position, improving 116

sample efficiency and inference speed on coding 117

and generative benchmarks. This approach 118

demonstrates stronger induction and reasoning 119

ability gains, particularly at larger model scales like 120

DeepSeek V3 (Liu et al., 2024). Gerontopoulos 121

et al. (Gerontopoulos et al., 2025) extend this 122

to freeze pre-trained models and add learnable 123

"register tokens" to support multi-token prediction 124

without modifying the backbone. 125

While previous works on multi-token prediction 126

enhanced LLM’s sample efficiency and accelerated 127

inference, our work extends the MTP concept from 128

pre-training or inference use into the realm of 129

policy-gradient optimization. 130

2.2 Post-Training RL Algorithms 131

Reinforcement Learning from Human Feedback 132

(RLHF) is an approach to align language models 133

with human preferences by optimizing the policy 134

using reinforcement learning on preference-labeled 135

data. PPO (Schulman et al., 2017) introduced the 136

clipped surrogate objective to stabilize updates, 137

becoming the backbone of early RLHF such as 138

InstructGPT (Ouyang et al., 2022). Building on 139

PPO, approaches such as VinePPO (Kazemnejad 140

et al., 2025) introduce intermediate rollouts 141

to facilitate more accurate long-context credit 142

assignment, thereby enhancing policy optimization 143
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in autoregressive frameworks. Group Relative144

Policy Optimization (GRPO) (Shao et al., 2024)145

computes advantages by comparing multiple146

sampled completions per prompt (group-based147

advantage), eliminating the need for a value148

network and enhancing learning on reasoning149

tasks. DAPO (Decoupled Clip and Dynamic150

Sampling Policy Optimization) (Yu et al., 2025)151

further refines GRPO’s token-level loss by allowing152

asymmetric clipping bounds (“clip-higher”) and153

dynamic sampling to maintain a helpful gradient154

signal. VAPO (Yue et al., 2025) integrates155

value-based methods into reasoning and RLHF,156

augmenting PPO variants with adaptive GAE157

and value pretraining for enhanced stability and158

performance. GSPO (Zheng et al., 2025) (Group159

Sequence Policy Optimization) optimizes at the160

sequence level using importance sampling and161

clipping, improving stability and efficiency in162

policy optimization for LLMs. However, our MPO163

focuses on block-level actions, better aligning164

with the semantic reasoning units which are165

typically local blocks rather than entire sequences.166

CISPO (Chen et al., 2025) (Minimax-style policy167

optimization) methods have been proposed mainly168

in adversarial language alignment, thus falling169

outside our comparison.170

While prior work enhanced PPO variants171

via sampling tweaks, decoupled clipping, or172

value modeling, to our knowledge, none have173

incorporated multi-token action in policy gradient174

optimization process as illustrated in Figure 1.175

3 Preliminaries176

We first review existing approaches to importance177

sampling in policy optimization—specifically PPO178

and its extensions such as GRPO—to clarify their179

formulation and highlight their limitations. This180

sets the stage for introducing our method, which181

extends importance sampling to account for longer-182

horizon behavior via multi-token predictions.183

3.1 Importance Sampling Strategy in Policy184

Optimization185

Proximal Policy Optimization (PPO) (Schulman186

et al., 2017) relies on importance sampling to187

support multiple epochs of minibatch updates with188

trajectories collected under a previous policy. The189

surrogate objective uses:190

rt =
πθ(at | st)
πθold(at | st)

, (1)191

and the clipped PPO loss is 192

J(θ) = Et

[
min

(
rtÂt, clip(rt, 1± ϵ)Ât

)]
, (2) 193

where Ât is the advantage estimate, and the 194

clipping constrains large updates to maintain 195

stability. Generalized Reward Policy Optimization 196

(GRPO) (Shao et al., 2024) modifies the 197

importance sampling ratio by introducing group- 198

relative advantage sampling. The same importance 199

ratio rt = πθ(at|st)
πθold (at|st)

is used per sample, 200

and the loss aggregates contributions averaged 201

over sampled actions. Decoupled Clip and 202

Dynamic Sampling Policy Optimization (DAPO) 203

similarly builds on this framework by adapting 204

the clipping threshold and employing rejection 205

sampling, but does not alter the fundamental 206

importance sampling ratio. 207

However, in the context of language modeling, 208

where accurate semantics and the maintenance 209

of long-range dependencies depend on structural 210

token blocks, the commonly used token-level 211

ratios fail to capture behavioral differences 212

or dependencies that span multiple steps, and 213

the standard per-step ratio may become highly 214

volatile (Metelli et al., 2020; Papini et al., 2024). 215

3.2 Multi-Token Prediction Mechanism 216

To address the limited expressiveness of token- 217

level representations, we turn to a multi-token 218

representation mechanism. The MTP implemen- 219

tation introduced in DeepSeek-V3/R1 (Liu et al., 220

2024) allows the model at each position t to predict 221

up to K tokens ot+1, ot+2, . . . , ot+K through a 222

sequence of MTP modules that preserve causal 223

consistency (we provide detailed implementation 224

of MTP modules in Appendix A). Specifically, the 225

probability distribution on position t+ k is: 226

hkt = Lk

(
Mk

(
hk−1
t ,Emb(ot+k−1)

))
, (3) 227

where hkt ∈ Rh is the hidden state of the kth MTP 228

module, note that h0t represents the hidden state 229

output of the backbone model for token ot. Mk 230

is a learned projection layer, Lk is a Transformer 231

decoder block, and Emb(ot+k) is the embedding 232

of token ot+k. Each module outputs with an 233

individual softmax prediction for the probability 234

distribution of the t+ k + 1 token of the sequence: 235

p(ot+k | q, o1:t+k−1) = LM_Head(hkt ), (4) 236
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Figure 2: (a) Demonstration of the implementation of MPO warm-up and training process; (b) illustration of the
united importance sampling ratio proposed in MPO method; (c) Comparison between single-token and multi-token
optimization, multi-token optimization jointly models contiguous tokens as a structural reasoning action.

for k = 2, . . . ,K. In supervised fine-tuning237

settings, the MTP objective is defined as:238

LMTP = −
K∑
k=2

αk log p(ot+k | q, o1:t+k−1). (5)239

The loss of the MTP module is assigned a decaying240

weight αk to simulate the diminishing weights241

of tokens. Although multi-token prediction has242

been adopted in various pre-training and fine-243

tuning settings to improve generation efficiency244

and performance, its integration into reinforcement-245

based post-training remains limited. Existing246

policy-gradient approaches, including PPO, GRPO,247

and DAPO, remain confined to token-level updates248

and overlook the structured, multi-step action249

patterns inherent to reasoning-oriented generation.250

Following previous works (Cai et al., 2024;251

Ankner et al., 2024), MPO first initializes the MTP252

modules using the last layer of the backbone model,253

then warm-up these modules using the objective254

(5) to ensure the quality of multi-token prediction,255

see Appendix A for more details.256

4 Multi-token Objective257

To address the limitations discussed in Section 3,258

we move beyond the conventional token-level259

optimization paradigm and introduce a framework260

that directly incorporates block-level semantic261

structure into policy gradient updates, thereby262

better aligning model optimization with the263

demands of complex reasoning.264

4.1 From Single-Token to Multi-Token265

Let qi denote the prompt (input) for trajectory i,266

and oi,1:t denote the sequence of generated tokens267

up to position t for trajectory i. The usual per- 268

token importance sampling ratio ri,t for trajectory 269

i at position t is defined as: 270

ri,t(θ) =
πθ(oi,t+1 | qi, oi,1:t)
πθold(oi,t+1 | qi, oi,1:t)

. (6) 271

With the help of multi-token prediction modules, 272

we can replace the importance sampling ratio with 273

an aggregated ratio over spans of length K (as 274

shown in Figure 2(b)): 275

ri,t(θ) =
πθ
(
oi,t+1:t+K | qi, oi,1:t

)
πθold

(
oi,t+1:t+K | qi, oi,1:t

) . (7) 276

The new objective then sums (or clips) these 277

block-level ratios times advantages. This 278

encourages coherent multi-token patterns rather 279

than independent next-token moves. For example, 280

when constructing the deepseek-r1 reasoning 281

model, the pre-training stage cost around 90% of 282

the total cost, and the post-training (supervised fine- 283

tuning and then reinforcement learning alignment) 284

cost the remaining 10% budget. For those 285

pretrained LLMs that did not use MTP loss during 286

their pre-training process, we provide a solution to 287

update the model’s multi-token prediction ability 288

in a relatively lower-cost post-training way. 289

4.2 Multi-Token Policy-Gradient Objective 290

Let each trajectory i produce a sequence of 291

generated tokens using the original auto-regressive 292

strategy oi =
(
oi,1, oi,2, . . . , oi,|oi|

)
. After 293

generating the base sequence oi,1:t for prompt qi, 294

we compute the multi-token importance sampling 295

ratio by sampling K additional tokens in an auto- 296

regressive fashion. Specifically, at each position 297

t, for each n ∈ [1,K], the generation of token 298
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oi,t+n is conditioned on the entire prefix oi,1:t+n−1,299

meaning each new token is predicted based on all300

previously generated tokens, including those just301

sampled within the span. The revised multi-token302

importance sampling ratio is thus formulated as:303

R
(K)
i,t (θ) =

K∏
n=1

πθ
(
oi,t+n | oi,1:t+n−1

)
πθold

(
oi,t+n | oi,1:t+n−1

) . (8)304

Though equation 8 can effectively reduce bias by305

taking more future actions into consideration (see306

mathematical derivations in Appendix B.2), such307

a production form of the importance ratio tends308

to dramatically increase the variance of sampling309

ratios, which further leads to a large clip fraction310

and hinders the optimization process in practice.311

Inspired by the Log-COP-TD method (Hallak and312

Mannor, 2017), we adopt an alternative trade-off313

formulation to control variance, replacing the314

product of ratios with a weighted log-sum:315

R̃
(K)
i,t (θ) = exp

(
K∑

n=1

βn log ri,t+n(θ)

)
,

ri,t+n(θ) =
πθ(oi,t+n | oi,1:t+n−1)

πθold(oi,t+n | oi,1:t+n−1)
,

(9)316

where βn are non-negative step-wise weights317

satisfying
∑K

n=1 βn = 1. Based on the weight318

of the first MTP module, denoted as β2, we define319

βk = β2 × λk−2, k ≥ 2; 0 ≤ λ ≤ 1, (10)320

where λ is a hyperparameter controlling the rate321

of information decay. This formulation applies322

a decaying weight to the (k − 1)th MTP module,323

thereby incorporating the influence of multi-token324

information with diminishing strength. This325

design prioritizes the impact of nearer token326

predictions while still incorporating longer-horizon327

contributions in a controllable manner. We then328

propose the policy-gradient surrogate objective of329

MPO, analogous to PPO but using the K-step ratio330

at each position t:331

JMPO(θ) = Eqi∼D, {oi}Gi=1∼πθold
(.|qi)[

1∑G
i=1 |oi|

G∑
i=1

|oi|∑
t=1

min
(
R̃

(K)
i,t (θ) Âi,t,

clip
(
R̃

(K)
i,t (θ), 1− ϵlow, 1 + ϵhigh

)
Âi,t

)]
,

(11)332

where Âi,t is the estimated advantage at position333

t. By jointly observing K consecutive tokens in a334

single step, the estimator encourages optimization 335

to account for a broader, structurally coherent view 336

at the level of multi-token reasoning chunks (as 337

illustrated in Figure 2(c)). In this paper, we focus 338

on the experiments with G = 1 and we set ϵlow = 339

ϵhigh. We also conduct experiments with MTP- 340

based value estimation in MPO, see Appendix C. 341

5 Experimental results 342

In this section, we provide a brief overview of 343

our experimental setup, including the baselines, 344

evaluation methods, and training hyperparameter 345

configurations. And then, we analyze the task 346

performance of MPO and the effects of introducing 347

multi-token information and the training efficiency. 348

5.1 Experimental Settings 349

Model and Datasets. We implement MPO 350

on three widely used instruction-tuned backbone 351

models: Llama3.2-1B-Instruct (Dubey et al., 352

2024), DeepSeek-Distilled-Qwen2.5-1.5B, and 353

DeepSeek-Distilled-Qwen2.5-7B (Guo et al., 354

2025), to evaluate its effectiveness across different 355

architectures and model scales. We assess MPO 356

on two mathematical reasoning benchmarks of 357

varying difficulty, GSM8K (Cobbe et al., 2021) 358

(college-level) and MATH (Hendrycks et al., 359

2021) (competition-level), and further evaluate 360

its code generation capability on the HumanEval 361

benchmark (Chen, 2021) to test its cross-domain 362

generalization. For HumanEval, we use coding 363

benchmark MBPP (Austin et al., 2021) as the 364

training set. See Dataset statistics in Appendix A.2. 365

Evaluation. We use pass@1 metric to evaluate 366

the models’ accuracy in answering mathematical 367

questions and coding completions, which focuses 368

on the correctness of the final answer provided 369

by the model upon completion of the reasoning 370

process. For math problems, to unify the 371

evaluation process, we use the answering format 372

of "\boxed{answer}". We select the most 373

commonly used token-wise policy optimization 374

strategies: PPO (Schulman et al., 2017), 375

GRPO (Shao et al., 2024), and DAPO (Yu et al., 376

2025). In this paper, we mainly discuss the 377

implementation and results of MPO based on PPO. 378

Implementation. As mentioned in section 3.2, we 379

adopt a cold-start setting for both our proposed 380

method and baselines, only warming up the MTP 381

module before the training process of MPO. See 382

Appendix A for more implementation details. 383
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Figure 3: The performance of proposed MPO and baseline methods. MPO outperforms the baselines in most
scenarios, demonstrating the effectiveness of aggregating block-wise information.

Model Zero-Shot GRPO DAPO PPO MPO (Ours)
Llama3.2-1B-Instruct 0.354 0.372 0.396 0.390 0.403
DeepSeek-Qwen2.5-1.5B 0.451 0.591 0.603 0.598 0.640
DeepSeek-Qwen2.5-7B 0.689 0.811 0.817 0.805 0.841

Table 1: The performance of proposed MPO and baseline methods on coding task HumanEval, MPO consistently
outperforms the baselines, demonstrating the effectiveness of aggregating block-wise actions during optimization.

5.2 Task Performance384

We conduct experiments to evaluate the perfor-385

mance of MPO. The results are shown in Figure 3386

and Table 1. The proposed method consistently387

outperforms the baseline approaches—including388

PPO, GRPO, and DAPO—across both GSM8K389

and MATH benchmarks, under both evaluated390

model architectures and scales. This improvement391

demonstrates that optimizing over block-level392

semantic actions is beneficial for the model. On393

the HumanEval benchmark (as shown in Table 1),394

MPO also achieves steady gains over PPO, GRPO,395

and DAPO, confirming that its advantages are396

not limited to symbolic reasoning but also extend397

to program synthesis tasks. Therefore, in code398

generation tasks, considering multi-step semantic399

dependencies plays a crucial role in ensuring both400

accuracy and coherence in generation. Although401

the performance of MPO on GSM8K with a 7B402

model is close to the baseline, it achieves better403

results on more challenging benchmarks, such as404

MATH and HumanEval, indicating its advantage405

in structured reasoning tasks with larger models.406

5.3 Analysis of Training Stability 407

As discussed in Section 4.2, incorporating 408

block-wise information broadens the optimization 409

horizon of each action and helps reduce bias, 410

particularly in mathematical reasoning and code 411

generation tasks where semantic units naturally 412

span multiple tokens. Empirically, we observe 413

that MPO stabilizes the importance sampling ratio 414

throughout training. As shown in Figure 4a 415

and Figure 4b, analysis on GSM8K reveals that 416

integrating multi-token information consistently 417

lowers both the variance of the importance 418

sampling ratio and the clip fraction during 419

optimization. Notably, this stabilizing effect 420

becomes more pronounced as the weights βk 421

associated with the MTP modules increase. 422

5.4 Ablation Study of MPO Weights 423

Another important question is how increasing the 424

contribution of MTP weights influences learning 425

dynamics. As shown in Figure 5, we examine 426

the effect of varying the proportion of multi-token 427

information incorporated via MTP modules on 428
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Figure 4: Comparison of the variance of importance sampling ratios and clip fraction during training.

Dataset
MPO Task Accuracy

K=2 K=3 K=5
GSM8K 0.871 0.875 0.882
MATH 0.771 0.753 0.789

(a) Analysis of the number of MTP modules.

MTP Weight β2 = 0.08 0.06 0.04

λ = 1.0 0.745 0.773 0.787
λ = 0.9 0.756 0.785 0.760
λ = 0.8 0.758 0.789 0.764

(b) Grid Search of beta and decay rate.

Table 2: Effect of MTP block size K and decay rate λ on training stability and performance. Extending the block
size to K = 5 and applying a moderate decay λ = 0.8 produces the most stable and effective result.
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Figure 5: The effect of varying the proportion of weights
incorporated from the MTP modules.

the GSM8K dataset using the DeepSeek-Distill-429

Qwen-1.5B model. The block-level contribution is430

controlled by adjusting the cumulative weights of431

the MTP modules (i.e., the sum of β2 to βK), while432

holding the decay factor fixed at λ = 0.8 as defined433

in Eq. 10. Increasing the proportion of future434

information initially enhances policy stability, as435

evidenced by reduced variance in importance436

sampling ratios and a lower frequency of gradient437

clipping. Optimal performance is achieved when438

approximately 10% 20% of the training signal439

originates from MTP modules. However, when440

this proportion becomes too large, the adopted441

ratio approximation and the noise introduced by442

multi-token prediction increase bias, ultimately443

weakening the alignment between gradient updates444

and the next-token action objective.445

5.5 The Bias–variance Trade-off in MPO 446

Having analyzed the stability of MPO under 447

moderate integration of multi-token information, 448

we conducted a grid search over the number of 449

aggregated tokens K and the decay rate λ to assess 450

their effects on training stability and optimization 451

performance. As shown in Table 2a, increasing K 452

up to 5 leads to improved performance, suggesting 453

that extending the decision horizon within this 454

range is beneficial; however, larger K values 455

tend to introduce additional noise. Table 2b 456

summarizes the effects of varying the decay rate λ 457

and the cumulative MTP weight
∑K

k=2 βk. Across 458

all experiments, we keep the initial weight β2 459

small so that the total block-level contribution 460

remains below 30%, which stabilizes training while 461

preserving meaningful multi-token context. If β2 462

is too small (e.g., β2 = 0.04), the stability of 463

information from the MTP modules declines. In 464

general, applying a decay term for more distant 465

predictions improves stability, as appropriately 466

discounting further predictions helps constrain 467

variance while maintaining a sufficiently extended 468

decision horizon—balancing bias reduction and 469

training stability in MPO. 470

5.6 Noise Analysis of Multi-token Prediction 471

As discussed in section 5.4, excessive MTP 472

weights were found to reduce overall performance. 473

We further examine whether such instability 474

7
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Figure 6: Reliability analysis of the multi-token information. (a) Larger prediction errors correlate with higher
gradient magnitudes. (b) Progressive improvement in the MTP module’s next-K-token prediction capability.

arises from noisy multi-token information. We475

use the logit rank of the predicted token—its476

position within the backbone model’s vocabulary477

distribution—as a proxy for prediction accuracy.478

Figure 6a shows the relationship between the479

2nd-token prediction rank and the average batch480

gradient norm under K = 2 and 3. Higher ranks481

correlate with larger gradient norms, suggesting482

that less accurate multi-token predictions can483

indeed amplify gradient noise and destabilize484

training. Figure 6b further illustrates that, although485

only warmed up initially, the MTP module’s486

predictions improve steadily during training even487

without explicit entropy regularization. The impact488

of prediction noise remains controlled.489

5.7 Efficiency Analysis490

Training Efficiency. Table 3 and Table 4491

summarize the resource overhead and efficiency492

of MPO on a single node with 8× NVIDIA493

A100 (80 GB). For Table 4 we use Deepseek-494

Distill-Qwen2.5-1.5b as the base model, and495

we set group size=4 for GRPO and K=5 for496

MPO. The memory consumption of MPO is497

comparable to that of GRPO, while training runs498

approximately 30% faster on average. MPO499

contributes controlled training burden while500

offering substantial performance benefits. The501

additional parameters introduced by MTP are502

used solely during training to estimate multi-token503

policy ratios and are detached during inference,504

ensuring a fair comparison with baseline methods.505

Warm-up Strategy. In MPO, we include a brief506

warm-up phase; this design choice follows prior507

multi-head decoding frameworks(Cai et al., 2024;508

Ankner et al., 2024). The warm-up phase costs509

approximately 12 minutes while PPO or MPO510

Training Speed (Second per iteration)
Model PPO K=3 K=5
Deepseek-Qwen2.5-1.5b 25.6 30.3 33.3
Llama3.2-1b 19.1 25.0 28.3

Table 3: The average training time with block size K.

Method Memory Usage Time Per Step
PPO 22.1% 25.6 s
GRPO 30.6% 43.7 s
MPO 31.0% 33.3 s

Table 4: Memory and time efficiency.

training costs approximately 7 hours for 20 epochs 511

on average. The additional time overhead is 512

negligible compared to the main training stage. 513

More discussion about efficiency is in Appendix D. 514

6 Conclusion 515

In this paper, we propose Multi-Token Policy 516

Gradient Optimization (MPO), mitigating the 517

gap between token-level optimization and the 518

structured reasoning behavior required by complex 519

reasoning tasks. Experiments on GSM8K, MATH, 520

and HumanEval show that MPO consistently 521

outperforms standard policy-gradient baselines. 522

Further analyses demonstrate that moderate 523

incorporation of multi-token information stabilizes 524

training by reducing gradient variance, and that 525

there exists an optimal integration ratio balancing 526

bias variance trade-off. Our paper not only 527

introduces a practical multi-token policy gradient 528

algorithm, but also marks a methodological shift 529

that moves beyond token-level optimization in the 530

post-training of LLMs. We hope this study inspires 531

future research to further explore the granularity of 532

policy learning and advance toward semantically 533

structured decision-making process in the LLMs. 534
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Limitations535

MPO builds upon Multi-Token Prediction (MTP),536

a technique primarily explored in pre-training537

and speculative decoding. Its application to538

post-training optimization remains understudied,539

presenting several open research questions:540

1. Warmup Method. While MTP-based training541

has been shown to improve reasoning (DeepSeek542

V3 and subsequent work), applying it during post-543

training—especially to models not pre-trained with544

MTP (e.g., Llama-3, Qwen2.5)—may degrade545

final performance after reinforcement learning.546

Although MPO mitigates this by freezing the547

backbone, developing more effective warmup548

strategies remains an open challenge.549

2. Scaling Block Size. MPO incurs computational550

overhead as the number of MTP modules increases.551

Our experiments used up to K=5 modules, whereas552

prior work suggests larger K (e.g., 8) may yield553

further gains. Designing efficient methods to554

leverage longer future contexts is crucial, especially555

for scaling block-level policy optimization.556

3. Alternative Optimization Objectives. This557

work implements MPO based on a PPO-based558

objective. As noted in Section 4.2, MPO could also559

be integrated with other objectives (e.g., GRPO560

and it variants), but implementing MPO based on561

GRPOs may encounter challenges like rebalancing562

the bias-variance trade-off. Investigating how563

MPO interacts with different surrogate objectives564

presents a promising direction for future work.565
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A Implementation Details 700

We will provide separate explanations of the overall 701

MPO implementation process, the experimental 702

parameter settings, and details of the code and 703

hardware implementation. 704

A.1 MTP Modules 705

The implementation of MPO requires the MTP 706

module to predict the model’s policy distributions 707

at multiple positions along a given trajectory i, 708

enabling the calculation of importance sampling 709

coefficients over blockwise sequences. Achieving 710

stable multi-position decision making depends on 711

the MTP module’s ability to produce accurate 712

predictions of multi-token policy distributions. 713

These distributions cannot be directly modeled 714

using only the backbone’s final layer and language 715

output head, so an appropriate warmup is necessary. 716

Although previous works has noted that MTP 717

can improve the model’s reasoning ability during 718

fine-tuning (Liu et al., 2024), to ensure fair 719

comparisons, we do not backpropagate gradients 720

to the backbone during MPO finetuning and only 721

train the MTP module (as shown in Figure 7), 722

which has also been adopted in previous efficient 723

MTP decoding works (Cai et al., 2024). As 724

we discussed previously, each MTP module and 725

its corresponding LM head are deeply copied 726

from the backbone model’s final layer and LM 727

head, respectively, to avoid an overly complex 728

initialization process. 729

A.2 Dataset and Training Parameters 730

We conduct experiments using three widely used 731

mathematical reasoning and coding benchmarks: 732

GSM8K (Cobbe et al., 2021), MATH (Hendrycks 733

et al., 2021), and HumanEval (Chen, 2021). 734

For HumanEval, we combined the sanitized 735

and original data provided in coding benchmark 736

MBPP (Austin et al., 2021) to conduct MPO 737

training. Table 5 summarizes the main statistics of 738

these datasets. The question-answer pairs in both 739

datasets are provided in a natural language format, 740

suitable for language model-based reasoning 741

experiments. The open source mathematical and 742

coding benchmarks used do not contain any private 743

information or offensive content. 744
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Figure 7: (a) The implementation of the MTP module used in MPO, the structure preserves causal consistency
following Deepseek-V3; (b) Demonstration of the MPO warmup stage to initialize MTP Modules before the RL
stage.

Dataset # Train Samples # Test Samples Avg. Sample Length

GSM8K 7,473 1,319 ∼80 tokens
MATH 7,500 5,000 ∼200 tokens
HumanEval 1399 (MBPP) 164 ∼130 tokens

Table 5: Statistics of datasets used for training and evaluation.

We shuffle and concatenate the training splits of745

two math datasets for MTP warm-up training. For746

MPO training, we conduct separate experiments747

on each dataset, using the corresponding training748

split for learning and the corresponding test split749

for evaluation. This setup allows us to evaluate the750

generalization and effectiveness of our method on751

both mathematical reasoning and coding tasks.752

A.3 MPO Training Process753

Here we provide additional implementation754

details for the Multi-Token Policy Optimization755

(MPO) method described above, including the756

hyperparameters and a pseudocode Algorithm 1 for757

clarity. Table 6 lists our main hyperparameters and758

settings for the MPO training process. These values759

are extracted from our training scripts and reflect760

typical settings for large-scale RLHF or policy761

optimization tasks on math reasoning datasets.762

For HumanEval, due to the extensive thinking763

behavior of Deepseek distilled models, we extend764

the response length to 3072.765

B Discussion of Multi-Token Approach766

This appendix provides a formal discussion of767

why incorporating Multi-token prediction into768

policy optimization can improve optimization769

performance and enhance long-horizon reasoning770

ability. The exposition is consistent with771

the notation and definitions in the main text 772

(Sections 3.2–4). 773

B.1 Intuitive Example and Motivation 774

In standard policy optimization methods such as 775

PPO, the policy improvement step is based on per- 776

token decisions, where the importance ratio 777

ri,t(θ) =
πθ(oi,t+1 | qi, oi,1:t)
πθold(oi,t+1 | qi, oi,1:t)

(12) 778

compares the likelihood of a single action (next 779

token) under the updated and old policies. This 780

formulation implicitly assumes that: 1) the reward 781

structure can be well captured by local token- 782

level updates, and 2) long-horizon dependencies 783

are either negligible or already encoded in the 784

advantage estimator Âi,t. 785

While traditional one-step token-level policy 786

optimization updates the model based on individual 787

token predictions, our illustration highlights that 788

semantics and reasoning patterns in language 789

generation typically emerge from coherent blocks 790

of multiple tokens. As shown in the figure, 791

generating a valid reasoning step or factual entity 792

(e.g., $a=5$ or $b = aˆ2 = 25$) requires accurately 793

predicting a sequence of tokens as a whole. 794

Limiting optimization to one-step advantage 795

estimation introduces several issues: 796
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Parameter Value

Train batch size 256
PPO mini batch size 128
PPO micro batch size / GPU 4
Number of GPUs 8
Number of Nodes 1
Max prompt length 1024
Max response length 2048
Learning rate (actor) 1× 10−6

Learning rate (critic) 1× 10−5

Total epochs 20

Table 6: Key hyperparameters for MPO training.

Algorithm 1: Multi-Token Policy Optimization (MPO)
Input : Dataset D of prompts qi and annotated outputs o′i. Pretrained LLM with MTP module;

initial parameters θ. Old policy parameters θold. Block size K, weights αk, βk; clip
parameter ϵlow, ϵhigh

Output :Updated policy parameters θ

Stage 1: MTP Warm-Up
for several epochs do

for batch of (qi, o′i) in D do
for each position t in o′i do

for k = 1 to K do
Predict p(o′t+k | q, o′1:t) using backbone model (k = 1) and MTP module (k ≥ 2)

Compute LMTP = −
∑K

k=2 αk log p(o
′
t+k | q, o′1:t)

Update only MTP parameters by minimizing LMTP

Stage 2: MPO Fine-tuning
for each MPO epoch do
B ← sample mini-batch of prompts qi from D
for each qi in B do

Generate trajectory oi using πθold
Compute per-token or group-based advantages Âi,t

for each trajectory (qi, oi) and each position t in oi do
// Sample K-step target block
Sample oi,t+1:t+K in an autoregressive manner using πθold
Initialize Dkl = 0
for n = 1 to K do

Compute:
pθ = πθ(oi,t+n|oi,1:t+n−1)
pθold = πθold(oi,t+n|oi,1:t+n−1)
Dkl+ = βn · (log pθ − log pθold)

R̃
(K)
i,t = exp(Dkl)

Compute surrogate loss for (i, t):
Ji,t = min

(
R̃

(K)
i,t Âi,t, clip(R̃(K)

i,t , 1− ϵlow, 1 + ϵhigh)Âi,t

)
Aggregate loss: JMPO = 1

N

∑
i

∑
t Ji,t.

Update parameters θ via gradient descent using JMPO. Optionally, update θold periodically.
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1. Fragmented learning signals: Token-level797

updates isolate local token actions, weak-798

ening the internal consistency of reasoning799

segments.800

2. Incomplete credit assignment: Single-token801

objectives struggle to capture dependencies802

whose effects span across multiple tokens803

within a reasoning step.804

3. Granularity mismatch: The optimization805

signal operates at the token level, while the806

semantic correctness of reasoning typically807

emerges at the segment level.808

In contrast, as illustrated in the lower MTP/MPO809

section, aggregating actions and optimization810

targets at the block level enables updates that811

better capture semantic integrity, reduce estimation812

variance, and align training with the goals of813

structured reasoning.814

By instead defining a K-step decision ratio,815

R
(K)
i,t (θ) =

K∏
n=1

πθ(oi,t+n | oi,1:t+n−1)

πθold(oi,t+n | oi,1:t+n−1)
, (13)816

we directly compare the joint likelihood of a817

future span under the new and old policies. This818

transforms the optimization from purely myopic819

next-token correction into a multi-step decision820

process, allowing the policy gradient to align with821

behaviors that unfold across multiple tokens. In822

essence, the surrogate objective is no longer tied823

to local moves but reflects higher-level planning,824

where corrections propagate over spans of length825

K rather than being confined to single steps.826

B.2 Theoretical Derivation and Bias827

Reduction828

B.2.1 Problem Setup and Notation829

We consider a standard reinforcement learning830

setup for sequence generation. Let time steps831

be indexed by t = 0, 1, 2, . . ., where each step832

corresponds to generating a token.833

• State: st denotes the state at time t, which834

includes the context (previous tokens and835

hidden states).836

• Action at denotes the token generated at time837

t.838

• Policy: πθ(at | st), with πold denoting the839

previous policy.840

• Discount factor: γ ∈ (0, 1]. 841

• Value function: 842

V π(s) = Eπ

[∑∞
k=0 γ

krt+k

∣∣ st = s
]

843

• Advantage function: 844

Aπ(st, at) = Qπ(st, at)− V π(st) 845

• Estimated value function: V̂ϕ(s) 846

In standard one-step PPO, the advantage is 847

often estimated using the TD error and generalized 848

advantage estimator (GAE): 849

δt = rt + γV̂ϕ(st+1)− V̂ϕ(st), (14) 850

ÂGAE
t =

∞∑
l=0

(γλ)lδt+l, (15) 851

where λ ∈ [0, 1] controls the trade-off. 852

B.2.2 K-Step / Multi-Token Core Idea 853

In K-step (multi-token) prediction, at time t we 854

consider predicting not just at, but the next K 855

tokens jointly. Define the K-step return: 856

G
(K)
t :=

K−1∑
k=0

γkrt+k + γK V̂ϕ(st+K). (16) 857

The corresponding K-step advantage estimator is 858

Â
(K)
t := G

(K)
t − V̂ϕ(st). (17) 859

Intuitively, as K increases, the advantage relies 860

more on the actual observed rewards and less on the 861

bootstrapped value function V̂ϕ, thereby reducing 862

the bias from value function approximation. 863

B.2.3 Bias Analysis 864

Let ϵV := sups

∣∣∣V̂ϕ(s)− V π(s)
∣∣∣ denote the 865

maximum value function approximation error. The 866

K-step return based on the true value function is 867

G
(K),true
t :=

K−1∑
k=0

γkrt+k + γKV π(st+K), (18) 868

so the error due to V̂ϕ is 869

∆G
(K)
t : = G

(K)
t −G

(K),true
t

= γK(V̂ϕ(st+K)− V π(st+K)).
(19) 870

Hence, in absolute value, 871

|∆G
(K)
t | ≤ γKϵV . (20) 872
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The bias of the K-step advantage relative to the true873

K-step advantage is874

Â
(K)
t −A

true,(K)
t =

(
G

(K)
t − V̂ϕ(st)

)
−
(
G

(K),true
t − V π(st)

)
= γK(V̂ϕ(st+K)− V π(st+K))

− (V̂ϕ(st)− V π(st)),

(21)

875

with absolute value bounded by876 ∣∣∣Â(K)
t −A

true,(K)
t

∣∣∣ ≤ γKϵV + ϵV = (1 + γK)ϵV .

(22)877

If we focus on the relative dependence on one-878

step (n=1), note that the error term for one-step is879

(1 + γ)ϵV . More importantly, if we decompose the880

bias into “the bootstrapping bias from the tail” and881

“the bias from the current estimate,” we can see that882

the bootstrapping term from the tail is multiplied883

by γK .884

In particular, when we consider the bias885

propagation with respect to the true infinite-horizon886

return, the bias term related to n-step bootstrapping887

decays as O(γK). In other words, the bias is888

introduced by bootstrapping (relying on V̂ϕ(st+n)),889

and its coefficient is γK . As n increases, this890

term decays exponentially by a factor of γK , thus891

reducing reliance on V̂ϕ ⇒ reducing the bias892

introduced by function approximation.893

B.2.4 Expected Advantage Bias894

Consider the expected bias over trajectories:895

E
[
Â

(K)
t −Aπ(st, at)

]
= E

[
G

(K)
t − V̂ϕ(st)− (Qπ(st, at)− V π(st))

]
= E

[K−1∑
k=0

γkrt+k + γK V̂ϕ(st+K)− V̂ϕ(st)

−
∞∑
k=0

γkrt+k + V π(st)
]

= E
[
γK(V̂ϕ(st+K)− V π(st+K))

− (V̂ϕ(st)− V π(st))

−
∞∑

k=K

γk(rt+k − E[rt+k | st+K ])
]
.

(23)896

Under standard assumptions, the last term has897

zero expectation, so the dominant contribution to898

bias comes from 899

E
[
Â

(K)
t −Aπ(st, at)

]
≈ E

[
γK(V̂ϕ(st+K)− V π(st+K))

− (V̂ϕ(st)− V π(st))
]
.

(24) 900

If the bias of V̂ϕ at different time steps is not 901

systematically correlated (or its expectation is 902

approximately zero), then the main remaining error 903

comes from the tail error scaled by γn, with the 904

overall expected bias reduced to O(γnϵV ). The 905

expected bias due to reliance on the bootstrapped 906

value in n-step is reduced to the order of γn, thereby 907

lowering the bias. 908

C Multi-token Value Estimation 909

C.1 Multi-Token Value Heads 910
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Figure 8: The implementation of the value function on
the original auto-regressive backbone model (left) and
those with the MTP module (right). For multi-token
prediction models, we try a weighted sum of the output
from the shared value head.

In parallel with our multi-token perspective 911

modification for the actor, we have also conducted 912

experiments on the critic model, allowing it to 913

anticipate the returns of actions over a future 914

interval during training. To accommodate multiple 915

multi-token prediction heads, we aggregate their 916

outputs at each decision point via a learned convex 917

combination: 918

VMPO(st) =
K∑
j=1

wjVj(ŝt+j−1) (25) 919

where ŝt+j−1 denotes the predicted states and 920

wj =
exp(γj)∑K
k=1 exp(γk)

, γ = (γ1, . . . , γK) (26) 921
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Settings
GSM8K MATH

K=2 K=3 K=5 K=2 K=3 K=5

MPO 0.871 0.875 0.882 0.771 0.753 0.789
+ VMPO 0.879 0.875 0.882 0.773 0.756 0.762

Table 7: MPO performance with different token block size K and ablation study of multi-token value estimation.

with γ as learnable parameters, balancing the value922

obtained from predicted states. Vj is the value923

head append to the jth MTP module. Given this924

value estimation, the advantage at each position t925

is computed as926

Âi,t = Q̂i,t − VMPO(st), (27)927

where Q̂i,t is the estimated return as in standard928

policy gradient methods. This approach permits929

each value head to specialize, while the aggregation930

provides a flexible baseline for stable advantage931

calculation and policy optimization over multi-932

token predictions. Figure 8 illustrates the value933

estimation process.934

C.2 Effect of Block size on Value Estimation935

We conducted experiments with Deepseek-Distill-936

Qwen2.5-1.5b by fixing the weight sum of937

MTP modules (
∑K

k=2 βk) of knowledge at 20%,938

with results shown in Table 7. The method939

of injecting multi-token information from the940

critic side did not improve overall performance941

as expected. Although our initial experiments942

suggested that this approach could have a943

"symmetric" effect—namely, by training the944

MTP module on the value prediction task to945

enhance overall training stability—this was not946

supported by later results. After addressing certain947

implementation issues in our code, it appears948

that MPO is not sensitive to the incorporation of949

multi-token information into the value function.950

In fact, with K = 4 or 5, it may introduce951

greater instability and cause the model to oscillate952

at a suboptimal level. Simply injecting value953

predictions by summing the outputs of multiple954

MTP modules does not seem to effectively improve955

value estimation accuracy.956

D Discussion of Efficiency957

Computation overhead. Table 8 illustrates958

further analysis with the resource overhead and959

comparative efficiency of MPO. The current960

implementation of MTP in MPO does not k-fold961

increase the overall computational cost. Since all962

Training Speed (Second per iteration)
Model PPO K=3 K=5
Deepseek-Qwen2.5-1.5b 25.6 30.3 33.3
Llama3.2-1b 19.1 25.0 28.3
Model Size (Compared to the original model)
Model PPO K=3 K=5
Deepseek-Qwen2.5-1.5b 1.0× 1.20× 1.41×
Llama3.2-1b 1.0× 1.52× 2.05×

Table 8: The size of plug-and-play MTP modules and
average training time per step.

logits needed for multi-token ratios are obtained 963

from a single standard forward pass, the MTP 964

module generates predictions for K tokens in 965

parallel within one forward pass, without requiring 966

K separate model evaluations. Despite this 967

computational overhead for an additional forward 968

pass used to compute multi-token policy ratios 969

after obtaining full trajectories, MPO delivers 970

consistent accuracy improvements on both GSM8K 971

and MATH benchmarks over PPO and GRPO. 972

These results indicate that the added MTP modules 973

contribute minimal training burden while offering 974

substantial efficiency and performance benefits. 975

Design of Warmup Stage. To ensure stable 976

optimization, we include a brief warm-up phase 977

to pre-train the MTP modules (approximately 12 978

minutes for one epoch) before the MPO fine-tuning 979

stage (around 7 hours for 20 epochs), incurring 980

only a lightweight additional time cost. This 981

design choice follows prior multi-head decoding 982

frameworks (Cai et al., 2024; Ankner et al., 2024) 983

and represents a standard stabilization step rather 984

than additional complexity unique to our method. 985

MPO emphasizes a modular and practical 986

architecture; this design enables the framework to 987

improve optimization stability and reasoning per- 988

formance; furthermore, future work may explore 989

even lighter-weight MTP variants for large-scale 990

deployment (also discussed in Limitations). 991
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E Usage of Large Language Models992

During the writing of this paper, large language993

models were used solely as tools for:994

• Grammar checking: Asking the LLM to995

check whether there is any grammar mistakes996

in the given paragraph.997

• Translation: Asking the LLM to provide998

a proper translation for certain phrases and999

expressions.1000

• Readability improvement: Asking the LLM1001

to give suggestions of how to change the tone1002

of our written paragraphs for fluency.1003

F Reproducibility1004

We will briefly go through the tools and data we1005

use in this paper for reproducibility.1006

MTP Modules. We developed our Multi-token1007

Prediction modules based on transformers (ver1008

4.51.1) and trl (ver 0.22.0), both frameworks are1009

open-sourced by the HuggingFace community. We1010

modify the modeling library file of the transformers1011

framework to achieve multi-token prediction.1012

MPO Approach. The overall MPO approach is1013

developed based on the open-source reinforcement1014

learning framework Verl (volcano engine, ver1015

0.3.1). We modify the PPO Trainer Class and Actor1016

workers Class library to compute and gather multi-1017

token log probability distributions when computing1018

the policy loss of MPO.1019

Datasets and models. We conduct our1020

experiments with open-source datasets GSM8K1021

and MATH for MTP warmup and MPO training.1022

The models are available on the open-source AI1023

community websites.1024

Code and implementations. In the supplemen-1025

tary materials, we include a detailed README1026

file that guides the reproduction process, and we1027

provide our implementation of the causal MTP1028

module as well as the core code computing MPO1029

policy loss for reference.1030
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