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Abstract

As Large Language Models (LLMs) continue
to scale, inference efficiency has emerged as
a critical bottleneck. Multi-Token Prediction
(MTP) offers a promising avenue to accelerate
LLM inference by predicting multiple future
tokens simultaneously. Wherein, DeepSeek
MTP has gradually become an indispensable
component in industrial LLMs. However, it
still faces two challenges: limited accept rates
of MTP heads, and difficulties in jointly train-
ing multiple MTP heads. To address these
challenges, we propose MTP-D, a simple yet
effective self-distillation method that substan-
tially boosts MTP head accept rates while max-
imally preserving main-head performance. We
further introduce a looped extension strategy
for MTP-D, enabling effective and economical
extension to multiple MTP heads and yielding
significant additional inference speedup (up
to 4.55x). Beyond these contributions, we
conduct systematic experiments across seven
benchmarks to explore and validate key in-
sights into distillation strategies and the scal-
ability potential of DeepSeek MTP. Results
demonstrate that MTP-D and the grouped ex-
tension strategy consistently enhance MTP
head performance and inference efficiency, fa-
cilitating the practical usage of MTP in LLMs.

1 Introduction

Large Language Models (LLMs) have demon-
strated strong performance across diverse
tasks (Guo et al., 2025; Kimi et al., 2025; Qwen,
2025). As task complexity and model scale
continue to grow, inference efficiency has be-
come increasingly critical, especially in agentic
applications with long, multi-step interactions
(Yao et al., 2022). However, most LLMs rely
on the Next-Token Prediction (NTP) paradigm,

fCo-corresponding authors: Ruobing Xie (xrbsnowing@
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Figure 1: Speedup of MTP-D and its looped extension
strategy across benchmarks from diverse domains.

which performs autoregressive, token-by-token
generation and inherently incurs high latency
and computational cost, particularly for long
context (Mehra et al., 2025; DeepSeek-Al, 2026).

Multi-Token Prediction (MTP) has been pro-
posed as an effective approach to alleviate this in-
efficiency (Gloeckle et al., 2024). Unlike NTP,
MTP equips LLMs with multiple prediction heads
to simultaneously predict several future tokens, en-
abling significant inference acceleration. This de-
sign has been widely adopted in popular industrial
LLMs (Xiaomi et al., 2025; Qwen, 2025; Zeng
et al., 2026). In general, higher accept rates and
greater scalability of MTP heads translate into
more substantial inference speedups.

The cascaded MTP architecture of DeepSeek-
V3 (Deepseek et al., 2024) effectively improves
the performance of MTP heads. However, it still
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faces several challenges for subsequent work: (a)
the limited accept rates of MTP heads, which
could lead to the exponential decline of the cumu-
lative accept rate in speculative decoding, thereby
undermining practical inference speedup. (b) the
difficulty of jointly training multiple MTP heads.
Given the constraints on training efficiency and the
risk of degrading the main head’s performance for
industrial LLMs, the number of MTP heads that
can be jointly trained is typically limited, high-
lighting the urgent need for an efficient MTP
head extension strategy.

To address these challenges, we propose
MTP-D, a simple yet effective self-distillation
method for pre-training. MTP-D applies gradient-
detached, Top-N-logits distillation from the main
head to MTP heads as auxiliary training losses,
along with a looped extension strategy via eco-
nomical continued pre-training. Specifically, the
Top-N logits of the main head are used to super-
vise MTP head training, which naturally aligns
with the original design intent of MTP. Further-
more, we introduce a looped MTP extension
strategy that treats trained MTP heads as a group,
iteratively extends them group by group as ini-
tialization for new MTP heads, and updates them
via continued pre-training. By exploiting intra-
group correlations among MTP heads and the dis-
tributional consistency induced by distillation, this
strategy efficiently extends MTP heads with sub-
stantially fewer tokens, achieving significant infer-
ence speedups.

Experimental results demonstrate that MTP-D
achieves strong distributional consistency with the
main head, effectively improving MTP head ac-
cept rates and facilitating subsequent head exten-
sion. Specifically, with 4 MTP heads, MTP-D
yields an average improvement of 3.30% in ac-
cept rate and 11.42% in inference speedup. More-
over, our grouped extension strategy enables cost-
efficient scaling of MTP heads from 4 to 8, achiev-
ing a further speedup of up to 4.55x. In addi-
tion, we uncover and validate several interesting
insights regarding the scalability of MTP. Our key
contributions are summarized as follows:

1. We propose MTP-D, a novel self-distillation
framework that improves MTP head accept
rates by enforcing strong distributional con-
sistency with the main head.

2. We introduce a looped extension strategy,
enabling cost-efficient extension of trained

MTP heads via continue pre-training, yield-
ing up to 4.55x speedup under 8 speculative
tokens.

3. Extensive experiments across seven bench-
marks demonstrate that MTP-D significantly
improves MTP head accept rates and infer-
ence speedup, offering practical insights into
the deployment of MTP in LLMs.

2 Preliminary

Next-Token Prediction is constrained by its train-
ing paradigm, which substantially limits both the
sample efficiency during pretraining and the infer-
ence efficiency of LLMs. Recent studies show that
Multi-Token Prediction alleviates these limitations
by employing N independent output heads to si-
multaneously predict the next N tokens, thereby
providing richer supervisory signals and signif-
icantly improving sample efficiency (Qi et al.,
2020). Furthermore, combined with speculative
decoding, MTP can dramatically accelerate LLM
inference (Leviathan et al., 2023; Chen et al.,
2023; Gloeckle et al., 2024; Li et al., 2024, 2026).

DeepSeek-V3 (Deepseek et al., 2024) advances
MTP by adopting a cascaded architecture that
explicitly models inter-token dependencies while
preserving the complete causal chain and autore-
gressive nature. This architecture has been widely
integrated into prominent industrial LLMs, such
as MiMo, GLM, Kimi, LongCat, and Qwen3-
Next (Gloeckle et al., 2024; Xiaomi et al., 2025;
Zeng et al., 2026; Team et al., 2026; LongCat et al.,
2025; Qwen, 2025). Specifically, the loss function
of DeepSeek MTP is formulated as follows:

K
C C
Em]%p = Z Ok ﬁm}gpk
k=1
< (D
= Z ay, CE (P’le:TH, tk+1:T+1>
k=1

where CE(-) represents the cross-entropy loss, oy
denotes the weight coefficient of the k-th MTP CE
loss term, and t and P denote the ground-truth
token sequence and its corresponding predicted
probability distribution, respectively.

3 Method

Multi-Token Prediction has been widely proven
effective for accelerating LLM inference, where
the degree of speedup is primarily determined by
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Figure 2: Overview of the gradient-detached, Top.V-logits-selected self-distillation method, MTP-D.

the accept rate of speculative tokens generated
by MTP heads. We introduce MTP-D, a self-
distillation approach that aligns the output distri-
butions of MTP heads with the main head during
pre-training, and further propose a looped exten-
sion strategy for efficient extension of MTP heads
via continued pre-training.

3.1 Self-Distillation for MTP in Pre-Training

As shown in Figure 8, MTP heads incur sub-
stantially higher training losses than the main
head, with losses increasing monotonically with
the MTP index. To enhance MTP head perfor-
mance, we propose a gradient-detached, Top/V-
logits-selected self-distillation method (Figure 2).
This method introduces an auxiliary distillation
loss that aligns the output logit distributions of
MTP heads with those of the main head, enforc-
ing distributional consistency and thereby signifi-
cantly improving MTP head performance.

Specifically, building upon the MTP loss LG5,
in Eq. (1), we introduce a unidirectional Kullback-
Leibler (KL) divergence loss (Kullback and
Leibler, 1951) as a self-distillation objective, trans-
ferring knowledge from the TopN logits of the
main head to the corresponding positions of the
MTP heads:

K
Z Br [:r];%pk

KL __
Emtp -

k=1
K ~ ~
= Z Br KL (Pllg+1:T+1a Sg(Q)k—i—l:T-H)
k=1

2

where,

7N = TopK (Qt, N) 3)

Qii1741 =0 (Qk+1:T+1 [,ItN]) “4)

Pj i1 = log (U <P£+1:T+1 [alﬂ)) &)

Here, Z}¥ denotes the index set of the TopN el-
ements of the main head logits Q. along the vo-
cabulary dimension V' for the ¢-th token. o(-)
and log(o(+)) denote the softmax and log-softmax
functions, respectively. KL(-) denotes the KL di-
vergence, ) is the weighting coefficient for the
k-th MTP KL loss term, and sg(-) denotes the stop-
gradient operation.

Our method is built on two key designs:
gradient-detached self-distillation and TopN logit
selection, as elaborated below.

Gradient-detached self-distillation. Empiri-
cally, we find that naively applying self-distillation
causes a significant performance drop in the main
head. To mitigate this issue, we apply a stop-
gradient operation to the main head logits Q
in zﬁpk, preventing gradients from propagating
back through Q. As illustrated by the red path

in Figure 2, Eﬁlgpk propagates gradients exclu-

sively through P during the backward pass, fol-
lowing the same backward path as the MTP cross-
entropy loss £5E . Consequently, with appropri-

mtpy
ate weighting coefficients ay, for £LSE and By, for

mtpy
L, » our method maximizes MTP head perfor-
mance while preserving comparable main model

performance.
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Figure 3: Illustration of the training strategy for looped extension of MTP-D. The gray blocks represent the frozen
main model and the trained MTP heads from 1 to m. The weights of the MTP heads from 1 to m are copied to
initialize the MTP heads from m~+1 to 2m. The orange blocks denote the trainable MTP heads.

TopN-selected logits. Modern LLMs of-
ten employ extremely large vocabularies (e.g.,
122,880 in our setting), making full-vocabulary
self-distillation computationally expensive. As
shown in Figure 6, main-head logits follow a long-
tailed distribution after softmax, with most token
probabilities approaching zero. In practice, the
cumulative probability already reaches 0.9952 for
TopN = 10,000, which suffices for effective self-
distillation. Distilling over all logits therefore in-
troduces redundancy, high memory consumption,
numerical instability, and weak supervision from
near-zero-probability tokens, as illustrated in Fig-
ure 7. Based on our analyses and ablation studies,
we set TopN = 10,000, which ensures both ef-
ficient and stable self-distillation. Further details
are provided in Appendix C.

Other explorations. We further investigate sev-
eral self-distillation strategies for MTP, including:
(1) variants of the KL divergence, i.e., forward, re-
verse, and symmetric KL; (2) different TopV logit
selection strategies, i.e., the choice of IV and se-
lecting TopN from Qt only versus the union of
TopN from both Qt and f’t; (3) dynamic schedul-
ing of oy, and Sy during training; Furthermore, we
conduct a fine-grained hyperparameter search for
MTP-D to offer practical guidance for followed
works. A detailed analysis is provided in Sec-
tion 4.4.

Final training objective.
MTP heads combines two components:
(Eq. 1) and £KL

mtp

The final loss for
,CCE

mtp

(Eq. 2). Specifically, LG, super-

vises MTP heads with ground-truth tokens, ensur-
ing basic prediction correctness, especially in the
early stages of pre-training. EE{% transfers higher-
level semantic knowledge from the main head to
the MTP heads via distillation, while aligning their
output distributions with that of the main head. To-
gether, these two objectives ensure stable and ef-
fective pre-training: Ly = ngp + Eﬁ%p.
3.2 Looped Extension Strategy for MTP
Heads in Continue Pre-Training

Our MTP-D achieves higher accept rates through
distillation, thereby establishing a solid foundation
for the extension of the MTP heads.

As shown in Figure 2, the DeepSeek MTP ar-
chitecture exhibits inherent structural consistency
and input-output similarity between heads, which
provides a natural basis for the extension of the
MTP heads via looped extension. Specifically, as
illustrated in Figure 3, looped extension refers to
an operation where a previously trained set of m
MTP heads is used to initialize the next set of m
heads, followed by continued pre-training on the
expanded configuration. By iteratively repeating
this process, MTP heads can be progressively ex-
tended in a cost-efficient manner.

Training-Free Explorations. To validate this
insight, we conduct a set of pilot experiments
under a training-free setting, where both the
DeepSeek MTP and MTP-D are extended to 8
MTP heads. As illustrated in Figure 4, several key
observations emerge:
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Figure 4: Accept rate and cumulative accept rate of
MTP heads for different models under a training-free
setting. Using the AGIEval benchmark as an example,
(a) shows the cumulative accept rate as the loop is ex-
tended to 8 MTP heads for different models, while (b)
presents the accept rate of each MTP head.

First, MTP heads at loop connection points ex-
hibit a noticeable drop in accept rate, though it
remains at an acceptable level. As the number
of MTP heads increases, accept rates gradually
recover and converge toward those of the previ-
ously trained heads. These observations suggest
that the cascaded architecture of DeepSeek MTP,
with its inherent structural consistency and input-
output similarity, naturally supports scalability.

Compared to DeepSeek MTP, MTP-D exhibits
substantially better scalability. Under the 1-to-
8 loop setting, the cumulative accept rate of
DeepSeek MTP drops to merely 0.6% at MTP
head 3, whereas MTP-D maintains 26.70%, en-
abling further scaling. This improvement stems
from the stronger distributional consistency be-
tween MTP heads and the main head enforced by
distillation, which significantly enhances scalabil-
ity. A detailed analysis of training-free looped
MTP is provided in Appendix F.

Looped Extension of MTP-D. Looped exten-
sion inherently preserves the correlations among

intra-group MTP heads. As shown in Figure 3,
continued pre-training is performed with the same
self-distillation strategy, which maintains distribu-
tional consistency across all heads. Furthermore,
to avoid degrading main head performance and to
reduce training cost, both the main model and the
previously trained MTP heads are kept frozen dur-
ing continued pre-training.

4 Experiments

4.1 Experimental Setup

Model configuration and training details. MTP-
D was implemented on both a 2B Dense model
and an N10BA1B MoE LLM. All experiments
were conducted on the FineWeb-Edu-350BT pre-
training dataset (Penedo et al., 2024), with MTP-D
pre-training consuming 350B tokens and looped
extension continued pre-training consuming 70B
tokens. All experiments were carried out on
NVIDIA H20 GPUs using the TorchTitan pre-
training framework. Further details are provided
in Appendix B.

Evaluation benchmarks. We evaluate our
MTP-D on a diverse set of widely used pretraining
benchmarks spanning multiple domains, including
AGIEval (Zhong et al., 2024) for human-centric
standardized examinations; GSM8K (Cobbe
et al., 2021) and MATH (Hendrycks et al.,
2021) for mathematical reasoning; NaturalQues-
tions (Kwiatkowski et al., 2019) for knowledge-
intensive question answering; SimpleQA (Wei
et al., 2024) for short fact-seeking queries; Su-
perGPQA (Du et al., 2025) for graduate-level
knowledge and reasoning; and TriviaQA (Joshi
et al., 2017) for reading comprehension.

Speculative decoding and metrics. We adopt
a lossless speculative decoding strategy (Cai et al.,
2024; Xia et al., 2023, 2024), which guaranties
that the outputs of the MTP-augmented model are
exactly identical to those of the main model alone,
as detailed in Algorithm 1.

We report the following metrics: (1) Accuracy:
the average accuracy of the main model across
benchmarks; (2) Accept Rate (AR): the fraction of
draft tokens generated by each MTP head that are
accepted during verification, relative to the total
number of tokens verified for that head; (3) Cu-
mulative Accept Rate (CAR): the fraction of draft
tokens accepted for each MTP head relative to the
total number of tokens generated by that head; (4)
Speedup Ratio: the relative inference speedup over
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the baseline, i.e., NTP; and (5) Accepted Length
(7): the average number of draft tokens accepted
per decoding step. More details are provided in
Appendix D.

4.2 Main Experiments

We conduct a comprehensive evaluation of
DeepSeek MTP and our MTP-D on 2B Dense
and 10B MoE LLMs across multiple pre-training
benchmarks. The evaluation metrics include aver-
age main-head accuracy, accept rate (AR), cumula-
tive accept rate (CAR) of each MTP head, as well
as speedup ratio and accept length (7).

MTP-D substantially improves accept length
and speedup ratio while maintaining comparable
main-head performance. As shown in Table 1,
MTP-D consistently improves the accept length
(1) and speedup ratio of MTP heads on both the 2B
Dense and 10B MoE models, demonstrating the ef-
fectiveness of our self-distillation strategy. Specif-
ically, in terms of 7, with 1 MTP head, MTP-D
achieves gains of +1.81% on Dense and +2.23%
on MoE; with 4 MTP heads, the gains increase
to +4.08% on Dense and +5.11% on MOoE, in-
dicating that the benefit of distillation becomes
more pronounced as the number of MTP heads in-
creases and model sizes scale up. As shown in
Table 7, MTP-D maintains comparable main-head
accuracy to DeepSeek MTP, with both surpassing
the NTP baseline.

Furthermore, Table 6 reports the complete ac-
ceptance rate metrics (CAR/AR) for both MTP
and MTP-D. For K = 1, MTP-D achieves an av-
erage improvement of +4.12%. For K = 4, MTP-
D achieves an average improvement of +5.1%,
with the advantage growing progressively as H in-
creases. All MTP heads benefit from our self dis-
tillation.

4.3 Results of Looped MTP Extension

In this section, we investigate the scalability
of looped extension and the performance upper
bounds of models with varying numbers of MTP
heads. As shown in Table 1, we report detailed
results for both DeepSeek MTP and MTP-D ex-
tended to 8 and 16 MTP heads (K = 8 and K =
16) via either continued pre-training or training-
free looping. Additionally, Appendix F presents
the CAR curves for MTP heads looped up to 8
(Figure 12) and up to 16 (Figure 13) under both
training-free and looped extension settings. From
these results, we draw the following insights:

MTP-D (4-8) 4.55%

MTP-D (1-8) - 4.28%

MTP (4-8) - 4.26%

MTP-D (4-8)" - 4.09%

MTP-D (K=4) - 3.61x

MTP-D (1-8)" - 2.66%

MTP-D (K=1) 1.86x

Looped Strategy

1x 2x 3 4 5x
Speedup Ratio

Figure 5: Comparison of performance across different
looped extension strategies with up to 8 loops.

Insight 1: Cascaded MTP is inherently scal-
able due to its structural consistency across
heads. As shown in Figures 11, when extending
from 4 to 8 MTP heads in a training-free manner,
the accept rate drops primarily at the loop junc-
tion (e.g., from 80% to 50%), yet remains at an
acceptable level, while subsequent heads within
the group gradually recover to levels comparable
to those of the trained heads.

Insight 2: MTP-D exhibits superior scalabil-
ity compared to DeepSeek MTP. As shown in Fig-
ure 10, under training-free extension from 1 to
8 loops, DeepSeek MTP undergoes rapid perfor-
mance collapse, whereas MTP-D maintains sub-
stantially higher CAR throughout. This suggests
that distillation enhances the distributional con-
sistency between MTP heads and the main head,
thereby better facilitating subsequent MTP head
extension. As further evidenced in Table 1, MTP-
D (4—38) substantially outperforms MTP (4—8) in
both accept length and speedup ratio.

Insight 3: Grouped MTP heads exhibit
stronger loop scalability than a single MTP head.
As shown in Table 1, comparing MTP-D (1—8)
and MTP-D (4—38) reveals that grouped exten-
sion consistently achieves higher accept length
and speedup ratio, indicating that intra-group cor-
relations are preserved during loop extension.

Insight 4: A limited amount of data suffices
Jor looped MTP extension. For MTP-D (4—38),
scaling the continued pre-training data from 70B
to 350B tokens yields only marginal gains in ac-
cept length and speedup ratio.

Insight 5: Inference speedup peaks at a prac-
tically optimal number of MTP heads. As shown
in Table 1, while MTP-D (4—16) still achieves a
notable improvement in accept length over MTP-
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Knowledge STEM

General Math
K Model Method AGIEval GSMSK MATH
T / Speedup T / Speedup T / Speedup

NQ SimpleQA TriviaQA SuperGPQA Avg,

T / Speedup T / Speedup T / Speedup T / Speedup T / Speedup

Joint Training

2B MTP 1.86/1.65x 1.85/1.73x 1.86/1.75x 1.91/1.69x 1.94/1.63x 1.82/1.61x 1.85/1.79x 1.87/1.69x

I Dense MTP-D 1.89/1.86x 1.89/1.84x 1.90/1.85x 1.94/1.89x 1.96/1.95x 1.87/1.79x 1.88/1.82x 1.90/1.86x

10B  MTP 1.85/1.70x 1.85/1.79x 1.85/1.67x 1.91/1.71x 1.91/1.64x 1.80/1.69x 1.83/1.72x 1.86/1.70x

MoE MTP-D 1.91/1.84x 1.89/1.84x 1.88/1.75x 1.94/1.84x 1.94/1.75x 1.86/1.82x 1.87/1.85x 1.90/1.81x

2B MTP 3.48/2.82x 4.16/3.16x 3.37/3.28x 4.22/3.66x 3.55/3.41x 3.46/3.43x 3.56/2.95x 3.69/3.24x

4 Dense MTP-D 3.72/3.20x 4.27/ 3.64x 3.57 / 3.52x 4.28 / 4.23x 3.60/3.55x 3.63/3.58x 3.76/3.57x 3.83/3.61x

10B  MTP 3.57/2.85x 4.14/3.11x 3.30/2.80x 3.92/3.46x 3.46/3.11x 3.25/3.20x 3.44/2.84x 3.58/3.05x

MoE MTP-D 3.72/3.23x 4.24/3.76x 3.35/3.30x 4.08 / 4.03x 3.69/3.64x 3.50/3.45x 3.76 /3.17x 3.76 /3.51x

MTP Extension

MTP (1—>8)‘L 2.25/1.80x 2.27/2.09x 2.16/2.01x 2.43/2.28x 2.50/2.35x 2.26/2.11x 2.24/1.97x 2.30/2.09x

MTP (4—>8)f 3.87/2.85x 3.96/3.47x 3.86/3.71x 5.36/5.21x 5.36/4.78x 3.83/3.68x 3.83/3.29x 4.30/3.86x

MTP-D (l—>8)T 2.85/221x 2.76/2.51x 2.92/2.77x 3.29/3.14x 3.29/3.11x 2.76/2.61x 2.78/2.29x 2.95/2.66x

" 2B MTP-D (4—>8)T 4.26 / 3.06x 4.10/3.56x 4.28 /4.13x 5.56 / 5.41x 5.66 / 5.04x 4.18/4.03x 4.14/3.37x 4.60/4.09x

Dense MTP (1—-38) 3.98/291x 3.80/3.52x 3.86/3.71x 5.07/4.92x 5.82/5.61x 3.65/3.50x 3.95/3.10x 4.30/3.90x

MTP (4—38) 4.2573.09x 4.38/3.86x 4.45/4.30x 5.86/5.71x 5.99/5.49x 4.02/3.87x 4.22/3.49x 4.74/4.26x

MTP-D (1—8) 4.41/3.24x 4.18/3.80x 4.60/4.45x 5.76/5.61x 6.29/5.71x 3.97/3.82x 4.18/3.34x 4.77/4.28x

MTP-D (4—38) 4.69 /3.42x 4.47 / 4.09x 4.81/4.66x 6.19 /6.04x 6.31/5.85x 4.41/4.26x 4.51/3.54x 5.06/4.55x

MTP-D (4—8, 350B) 4.70/3.43x 4.50/4.12x 4.84/4.69x 6.20/6.05x 6.31/5.83x 4.43/4.28x 4.52/3.55x 5.07/4.56x

MTP-D (1—>16)f 2.81/1.75x 2.72/2.00x 2.86/2.53x 3.24/3.09x 3.24/2.86x 2.75/2.60x 2.75/1.88x 2.91/2.39x

16 2B MTP-D (4—)16)* 4.25/2.49x 4.13/2.96x 4.31/3.67x 5.80/5.65x 5.29/4.57x 4.13/3.98x 4.16/2.68x 4.58/3.71x
Dense

MTP-D (1—+16)
MTP-D (4—16)

4.75/2.53x 4.50/2.94x 5.10/3.77x 6.93/6.06x 6.93/4.63x 4.14/3.99x 4.42/2.81x 5.25/3.82x
5.16/2.92x 4.81/3.48x 5.27/4.47x 7.70 / 7.55x 7.40/6.33x 4.65/4.50x 4.83/2.95x 5.69/4.60x

Table 1: Accept length and speedup of MTP joint training and extension. Joint Training: MTP and MTP-D with
K € {1,4} on 2B Dense and 10B MoE. MTP Extension: A — B extends a K'=A-head checkpoint to K=B
via continue Pre-training or training-free inference (V). Bold: best per group. For MTP extension, MTP-D (4—8,

350B) uses 350B tokens and others use 70B tokens.

D (4—8) (+12.45%), the speedup ratio no longer
increases. This is because as the number of MTP
heads grows, the computational overhead of the
draft heads becomes the bottleneck, offsetting the
gains from higher token acceptance.

4.4 Ablation Study

We conduct comprehensive ablation experiments
to validate the contribution of each component in
MTP-D, using average main-head accuracy (Acc),
MTP head loss, MTP head accept length (7), and
speedup ratio as evaluation metrics.

Taking a single MTP head for example, we
ablate four key components of MTP-D: detach,
TopN, B, and the KL divergence variant. The de-
fault configuration is: detach enabled, Top/N =
10,000, B = 1.0, and forward KL. Analysis is
based on the loss curves in Figure 9 and the bench-
mark results in Table 2.

First, removing detach substantially increases
the main-head loss (4+0.079) and degrades its
performance (—1.49%), demonstrating that the
stop-gradient operation on the main-head logits
Q effectively prevents gradient backpropagation

MTP Accept
Strategy Acct Loss| Lengtht Speedup?

NTP (baseline) 11.06 - 1 1x
MTP-D 11.68 2.609 1.90 1.86x

no detach 10.19 - - -
10000x2 11.47 2.613 1.90 1.86 %
TopN 1000 11.47 2.618 1.87 1.83 %
1 11.27 2.704 1.80 1.76 x
1.5 11.04 2.620 1.85 1.82%
3 0.5 11.65 2.632 1.83 1.80 %
k 0.3 11.57 2.654  1.82 1.79x
0.1 11.69 2.684 1.80 1.77x
KL reverse  11.62 2.630 1.84 1.81x
hybrid 11.48 2.654 1.81 1.79x

Table 2: Ablation results for MTP-D with 1 MTP
head. The MTP-D configuration is: detach, TopN =
10,000, B = 1.0, forward KL divergence (bold). The
no detach entry significantly degrades main-head accu-
racy and is excluded from speculative decoding evalua-
tion.
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through Q, thereby mitigating interference to the
main head.

Next, we examine the effect of TopN along the
vocabulary dimension V' of Q. Due to the long-
tailed distribution in the vocabulary space (Fig-
ure 6), distilling over all logits introduces compu-
tational redundancy, excessive memory consump-
tion, and numerical instability in logarithmic oper-
ations, potentially causing gradient oscillation or
vanishing (Figure 7). As TopN increases, main-
head performance remains largely stable, while
MTP head loss decreases significantly until TopN
exceeds a threshold, beyond which further gains
plateau. Here, “10000x2” denotes the union of
the Top/NV sets from Q and P. Balancing training
efficiency and MTP head performance, we select
TopN = 10,000.

The weighting factor [y, is another critical de-
sign choice. An appropriate value of Sy in the
range [0.1,1.0] improves both main-head perfor-
mance and MTP head accept rate. However, an
excessively large (i (e.g., B = 1.5) leads to a
notable increase in main-head loss (+0.028) and a
corresponding degradation in main-head accuracy
(11.04), highlighting the importance of careful tun-
ing. Finally, we ablate the KL divergence variant
(details in Appendix E) and find that forward KL
achieves the best trade-off between training loss
and evaluation performance.

4.5 Other Comparison

In this work, we concentrate on the joint pre-
training with extension paradigm, which is in-
creasingly adopted in industrial-scale LLMs (e.g.,
DeepSeek (DeepSeek-Al, 2026), GLM (Zeng
et al.,, 2026), Kimi (Team et al., 2026) and
MiMo (Xiaomi et al., 2025; Xiao et al., 2026)),
and propose effective strategies for MTP head
training and extension. Further details are pro-
vided in Appendix G.

To further validate the advantage of this
paradigm, we compare MTP-D against Eagle3 (Li
et al., 2026) under matched parameters and train-
ing data. As shown in Table 3, MTP-D achieves
substantially higher accept length and speedup ra-
tio across all settings.

Furthermore, Appendix H presents a de-
tailed experimental validation of MTP-D under
production-scale data, models, and infrastructure.

Method K Avg. 7 Avg. Speedup

1 1.87 1.69x
MTP 4 3.69 3.24x

8 474 4.26x

1 190 1.86 %
MTP-D (Ours) 4 3.83 3.61x

8 5.06 4.55x

1 1.83 1.65x
Eagle3 4 3.00 2.71x

8 452 4.07x

Table 3: Comparison of MTP, MTP-D, and Eagle3 on
the 2B Dense model. For K = &, the results of MTP
and MTP-D are obtained via looped extension.

5 Related Work

MTP. The MTP paradigm has been widely stud-
ied in both research and industrial LLMs, as it
provides rich supervision, improves sample ef-
ficiency, and accelerates inference. The clas-
sical MTP architecture was introduced by the
Meta team (Gloeckle et al., 2024), and DeepSeek-
V3 (Deepseek et al., 2024) further proposed the
cascaded DeepSeek MTP, which has seen broad
adoption. Several studies have explored MTP’s
mechanisms and applications in LLMs, includ-
ing adaptation to small models (Aynetdinov and
Akbik, 2025), strategies for parallel token predic-
tion (Mehra et al., 2025), and its impact on rela-
tional learning (Zhong et al., 2025). Moreover,
other works investigate speculative decoding (Cai
et al., 2025; Li et al., 2024, 2026; Chen et al.,
2026).

Distillation in LLMs. Supervised knowledge
distillation (Bucilu et al., 2006; Hinton et al.,
2015) is a classical technique successfully applied
to auto-regressive models (Sanh et al., 2019) and
has become central in industrial LLMs, particu-
larly during post-training (Liu et al., 2025b; Agar-
wal et al., 2024; Gu et al., 2023; Wen et al., 2023).
For instance, DeepSeek R1 (Guo et al., 2025)
demonstrated that distilling chain-of-thought data
enhances reasoning, making distillation a key part
of LLM pipelines. It has also been explored in pre-
training, with its scaling laws systematically ana-
lyzed (Busbridge et al., 2025). Inspired by these
advances, we adapt distillation to MTP, where the
main head serves as teacher and MTP heads as stu-
dents, enabling natural self-distillation.
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6 Conclusion

In this work, we propose MTP-D, a self-
distillation framework for MTP pre-training, to-
gether with a looped extension strategy for con-
tinued pre-training. MTP-D consistently improves
MTP head accept length and speedup ratio across
different LLM backbones while maintaining com-
parable main-head performance. Combined with
the looped extension strategy, MTP-D scales up
to 8 MTP heads, achieving a further inference
speedup of up to 4.55x. Extensive experiments
demonstrate the effectiveness and generality of
our approach. The proposed methods and associ-
ated insights offer valuable guidance for improv-
ing the pre-training and inference efficiency of fu-
ture LLMs with MTP, and provide practical inspi-
ration for broader applications of MTP.

Limitations

This work focuses on self-distillation for multi-
token prediction during pre-training. Future work
should explore its adaptation to post-training and
investigate the scalability of MTP-D throughout
the full LLM production pipeline. Additionally,
we plan to explore advanced MTP techniques,
such as shared KV cache MTP and parallel MTP
(e.g., Dflash), and examine their impact on LLM
pre-training. Due to infrastructure and resource
constraints, inference evaluation was not con-
ducted on industrial inference frameworks such as
vLLM or SGLang and we will progressively ad-
dress this in future work. We hope this work in-
spires further validation of MTP-D at industrial
scale across the entire training pipeline.
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A The Use of LLMs

In this paper, we leveraged LLMs to support and
refine the writing. Specifically, LLMs were used
for grammar and spelling correction, as well as
polishing linguistic expressions to enhance clarity
and readability.

B Model Configurations and Training
Details

Table 4 summarizes the configurations of the two
models used in our experiments: a 2B Dense
model and an N10B A1B MoE model. The 2B
Dense model comprises 32 decoder layers and K
MTP heads. The N10B A1B MoE model consists
of 22 decoder layers (1 dense “af” layer and 21
MoE “ae” layers) and K MTP heads. Both mod-
els employ grouped query attention (GQA) with a
vocabulary size of 122,880. The number of MTP
head layers (mtp_head_layers) is set to 1. Fol-
lowing the DeepSeek MTP architecture, the MTP
heads share the embedding layer and output pro-
jection with the main head. Notably, for both mod-
els, each MTP head adopts a single dense trans-
former layer rather than a MoE layer.

Table 5 reports the training hyperparameters for
MTP-D across both the pre-training and continued
pre-training stages. The two stages differ primar-
ily in warmup strategy and data size: continued
pre-training disables learning rate warmup and
trains on 70B tokens. The MTP loss coefficient
ay is set to 0.3 following DeepSeek-V3 (Deepseek
et al., 2024). The distillation coefficient ;. is de-
termined via fine-grained search, yielding S =
1.0 for single-MTP models (K = 1) and 8 = 0.5
for four-MTP models (K = 4).

Specifically, all models were trained using
the AdamW optimizer (Adam et al., 2014) with
(B1,B2) = (0.9,0.95) and € = 1 x 1078, along
with a weight decay of 0.1 and gradient clipping
with a maximum norm of 1.0. The learning rate
followed the Warmup-Stable-Decay (WSD) sched-
ule (Hu et al., 2024), with a peak value of 3 x 10™4
and a minimum of 0. The sequence length was
set to 4,096 tokens with a batch size of 8,192 to-
kens. RMSNorm was used for layer normalization,
and rotary position embeddings (RoPE) (Su et al.,
2024) were applied. For MTP-D pre-training,
the warmup was set to 1,000 steps over 350B
tokens; for looped extension, warmup was dis-
abled and training ran for 70B tokens. All ex-
periments were conducted on the FineWeb-Edu-

350BT dataset, a randomly sampled subset of ap-
proximately 350B tokens from the FineWeb-Edu
corpus (Penedo et al., 2024), using the TorchTi-
tan pre-training framework (Liang et al., 2024) on
NVIDIA H20 GPUs (98 GB).

Table 4: Detailed description of model configurations.

Hyperparameter 2B Dense N10BA1B MoE
dim 2048 1536
n_heads 16 32
n_kv_heads 4 4
head_dim 128 128
embedding_tie False False
gk_norm True True
ffn_hidden_dim 6144 6912
max_seq_len 4096 4096
rope_theta 10000.0 10000.0
norm_eps le-5 le-5
decoder_layers 32 af af + 21 ae
expert_hidden_dim - 768
num_experts - 128
use_shared_expert - True
num_shared_experts - 1
top_k - 8
use_grouped_mm - True
initializer_range - 0.02
num_mtp_heads K K
mtp_head_layers 1 1
mtp_dense_or_moe dense dense

Table 5: Training hyperparameter details for MTP-D
and looped extension

Hyperparameter MTP-D Looped extension
Optimizer AdamW
Adam (81, 82) (0.9,0.95)
Adam € 1x1078
Weight decay 0.1
Clip grad norm 1.0
Max Ir 3.0x 107"
Min Ir 0
Lr decay Cosine
Decay rate 10%
Sequence length 4096
Batch size 8192
Normalization RMSNorm
Vocabulary size 122880
Positional encoding ROPE
Warmup steps 1000 0
Data Size 350B 70B
ak 0.3

1.0 for K=1
P 0.5 for K=4

Distribution

C Analysis of Logits Probability

As illustrated in Figure 6, the main-head logits
for the ¢-th token exhibit a long-tailed distribu-
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tion after softmax, with most candidate tokens as-
signed near-zero probabilities. Specifically, the cu-
mulative probability reaches 0.9952 for TopN =
10,000, 0.8341 for TopN = 1,000, 0.5338 for
TopN = 100, 0.2395 for Top/N = 10, and 0.0961
for TopN = 1.

As shown in Figure 7, distilling over the full vo-
cabulary leads to training instability and loss di-
vergence. We attribute this to two factors: (1)
the sheer number of near-zero logits introduces
severe numerical instability in the log-softmax
computation, causing gradient explosion or van-
ishing; and (2) the overwhelming proportion of
low-probability tokens produces noisy and unin-
formative gradients that dominate the distillation
signal, suppressing effective learning from the
high-probability tokens that matter most. Fur-
thermore, once Top/N exceeds a certain thresh-
old, the cumulative probability of the selected to-
kens approaches 1, providing a sufficiently com-
plete distribution for self-distillation. Based on
these observations, we select TopN = 10,000 as
it achieves the optimal balance between training
stability, computational efficiency, and distillation
quality.

D Speculative Decoding

To ensure that the inference outputs of the MTP-
augmented model are exactly identical to those of
the main model alone, we adopt a lossless specu-
lative decoding strategy. To guarantee robustness
and reproducibility of inference across all exper-
iments, inference is performed in a single-batch
setup with greedy decoding applied to all samples.

We report the following metrics for MTP eval-
uation: (1) Accept Rate (AR): the fraction of draft
tokens generated by each MTP head that are ac-
cepted during verification, relative to the total
number of tokens verified for that head; (2) Cumu-
lative Accept Rate (CAR): the fraction of accepted
draft tokens for each MTP head relative to the total
number of decoding steps; (3) Speedup Ratio: the
relative inference speedup over the NTP baseline;
and (4) Accepted Length (T): the average number
of tokens generated per decoding step, including
both the main head token and accepted draft to-
kens.

S (s)
AL
A, - S A

§= J

S S
Zs:l Ag )

==l j=1...,K. (7
Zsszlcs(t(zp

CAR; =

K
T=1+) CAR;, j=1,...,K. ()

j=1
5 4(s)
t
Speedup = 72221 é\;)TP )
s=1IMTP

Here, S denotes the total number of decoding steps
across the benchmark, and K denotes the number
of MTP heads. AES) is the number of draft tokens
generated by the j-th MTP head that are accepted
by the main head at step s; C’;mp’(s) is the num-
ber of tokens from the j-th MTP head verified by

the main head at step s; and C’itse)p is the total num-
ber of decoding steps at step s, which is identical

across all MTP heads.

E Detailed Analysis for MTP-D

E.1 Variants of KL Loss
The reverse KL divergence, defined as KL(q||p) =

Ex~q [log }%}, encourages the model distribu-
tion ¢ to concentrate on the modes of the target
distribution p. The corresponding loss is formu-

lated as:

LEER — KL(s8(@ps1741, Phorra) (10)

Qf 141 = log (U <Q£+1:T+1 [-- ])) (11)

Piiiri1=0 (pk+1:T+1 [ ]) (12)

The hybrid KL loss is defined as a weighted
combination of the forward and reverse KL diver-
gences:

EKL—H — AﬁKL

mtpy, mtpyg,

4 (1 _ )\) EKL—R

mtpy?

A€ 0,1].
(13)

E.2 Details of Main Experiments

Table 7 reports the average main-head accuracy
across multiple benchmarks for the main exper-
iments. The results show that for both the 2B
Dense and 10B MoE models, the main-head av-
erage accuracy of both MTP-D and MTP consis-
tently surpasses the NTP baseline. Furthermore,
when K = 1, MTP-D outperforms MTP, while
at K = 4, the two methods maintain comparable
performance.

Additionally, Table 6 reports the detailed per-
head AR and CAR metrics.
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Figure 6: Illustration of the probability distributions of the main head logits for the ¢-th token under different Top N
settings.
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Figure 7: Training loss curves for the 2B Dense model
with 1 head using the whole vocabulary.

E.3 Details of Ablation Experiments

In this subsection, we provide a detailed analysis
of the ablation experiments for MTP-D with 1 and
4 MTP heads.

E.3.1 1MTP head

Loss serves as an important metric for pre-training
evaluation. Figure 9 presents the final loss com-
parison across different variants of MTP-D with a
single MTP head (K = 1), covering both main-
head and MTP-head losses. While maintaining
comparable main-head loss, MTP-D achieves sub-
stantially lower MTP-head loss than all other vari-
ants.

E.3.2 4 MTP heads

We provide additional ablation experiments for
MTP-D with 4 heads, analyzing the multi-level
distillation strategies and the corresponding (3 val-

Figure 8: Illustration of the training loss curves for a
2B dense LLM equipped with 4 heads. The final losses
of the main head and MTP heads 1 to 4 are 2.47 and
[2.73, 2.85, 2.92, 2.96], respectively.

ues.

For MTP-D with 4 heads, the hyperparameters
are set to B = 0.5 with main-to-MTP distillation.
We conduct a hyperparameter study on [, and
as shown in Table 8, 5 = 0.5 achieves the best
trade-off between main-head accuracy and MTP
head loss, and is therefore selected as the default
setting.

F Detailed Analysis of Looped Extension

In this section, we provide a detailed analysis of
accept rates and cumulative accept rates across
multiple pre-training benchmarks for looped MTP
extension, under both training-free and continued
pre-training settings.
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Algorithm 1: Lossless Speculative Decod-
ing

Input: Initial prompt sequence X, Main model f,
MTP heads {gx }1—1, Max new tokens N
Output: Generated sequence x

Lprompt — ‘X‘
Caep < 0
for j = 1to K do
A]' +~—0

cmp
;"0

Lgen <0

A B W N =

end

7 while L., < N do
// Verification and Correction
8 (P, h) « f(x)

9 is_verified < True
10 if Lger, > 0 then
1 Cstep — Cﬂtep + 1
12 m <+ 0
13 for j = 1to K do
14 t+— K—-—7+1
is ComP o O 41
16 % < Sample(Pix|—;)
17 if £ # x|x|—i4+1 then
18 X ¢ Xyix|— || (&)
19 h «~ hl:\x\fi
20 is_verified < False
21 break
22 end
23 else
24 | mem+1
25 end
26 end
27 if m > 0 then
28 fort = 1tomdo
29 ‘ At < At +1
30 end
31 end
32 end
33 if EOS € x then
34 | break
35 end
// Speculative Expansion
36 if is_veri fied then
37 T)x|+1 < Sample(P|x‘)
38 X<—X|| ("E‘XH-I)
39 end
40 for Kk =1to K do
41 (PMTP7 h) “— gk (X, h)
42 T|x|4+1 < Sample(Pumrp)
43 X x| (z)x]+1)
44 end
45 Lgen < |X| — Lprompt
46 end

47 return x

F.1 Training-Free Looped Extension

Figures 10 and 11 show the CAR and AR of MTP
heads looped up to 8 under the training-free set-
ting.

First, MTP heads at loop connection points ex-
hibit a noticeable drop in accept rate compared to
other heads. Taking AGIEval as an example, the

'
KL hybrid 1A:-0.003
1
1
KL reverse : A: +0.004
1
Bo.1 14:-0.003
1
1
o B0.3 1 A:-0.003
5 i
©
5 BOS5 1'A:-0.005
2 i
K] 1
] B15 1 A: +0.028
s i
= TopN 1 1 A:-0.006
1
TopN 1000 W A: +0.005
1
1
TopN 10000x2 : A: +0.005
1
no detach | A: +0.079 -—- MTP-D
I
243 245 247 249 251 253 255 257
Final Loss Value
(a) Loss comparison of main head.
'
KL hybrid | A: +0.045
1
1
KL reverse : A: +0.021
1
Bo0.1 | A: +0.075
1
1
- B0.3 ! A: +0.045
5 |
5 BOS5 / A: +0.023
> 1
o 1
3 B15 i A:+0.011
o I
= I
TopN 1 : A: +0.095
1
TopN 1000 1 A: +0.009
1
1
TopN 10000x2 : A: +0.004
1
no detach : A: +0.054 === MTP-D
I

T T T T T T T T T T
260 262 264 266 268 270 272 274 276 278
Final Loss Value

(b) Loss comparison of MTP head.

Figure 9: Ablation experiments for MTP-D and its vari-
ants with loss as metrics. Orange indicates losses better
than MTP-D, while green indicates worse performance.

accept rate of the 4-to-8 looped M TP drops sharply
from approximately 80% at MTP head 4 to around
50% at MTP head 5. Despite this degradation, the
accept rates remain at an acceptable level. More-
over, as the MTP heads scale from 5 to 8, their
accept rates gradually recover and approach those
of the originally trained heads 1 to 4. A simi-
lar trend is observed for the 1-to-8 looped MTP.
These results indicate that the cascaded architec-
ture of DeepSeek MTP, with its inherent structural
consistency and input-output similarity, naturally
supports scalability.

Furthermore, comparing MTP-D and DeepSeek
MTP under the 1-to-8 training-free loop setting re-
veals that MTP heads trained with self-distillation
exhibit substantially superior scalability. As
shown in Figure 4(a), the cumulative accept rate
of DeepSeek MTP collapses to merely 0.6% at
MTP head 3, whereas MTP-D maintains 26.70%,
enabling further scaling to a larger number of MTP
heads. These results demonstrate that MTP-D sig-
nificantly enhances distributional consistency be-
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K Model Method H

General

Math

Knowledge

STEM

AGIEval

GSMSK

MATH

NQ

SimpleQA

TriviaQA

SuperGPQA

2B MTP 1
Dense MTP-D 1

85.75
88.98

84.86
88.54

85.66
89.58

90.91
94.40

94.28
96.00

82.32
86.78

85.10
87.93

10B  MTP
MoE MTP-D

85.41
90.98

85.24
89.36

85.25
87.62

91.34
93.80

90.65
93.99

80.18
86.27

82.51
87.38

MTP

B W =

2B

81.88/81.88
66.81/81.59
54.28 / 81.24
45.47/83.77

90.32/90.32
82.47/91.31
74.40/90.21
68.52/92.09

81.27/81.27
64.63/79.52
50.83/78.65
40.27/79.23

89.23/89.23
82.55/92.52
77.14/93.45
73.51/95.30

85.17/85.17
68.07/79.91
55.74 /1 81.89
45.60/81.82

82.09/82.09
66.84 /81.42
53.39/79.89
43.75/81.94

82.62/82.62
68.26 / 82.62
56.65/82.99
48.62/85.83

Dense

MTP-D

AWM —

85.86 / 85.86
71.96/83.81
61.25/85.12
52.96 / 86.46

91.69 / 91.69
84.63/92.30
78.33/92.55
72.76 / 92.89

84.73/84.73
69.46/81.98
56.75/81.70
46.42 / 81.81

90.77 /1 90.77
83.98/92.52
78.47/93.44
74.78 1 95.30

85.20/85.20
70.97/83.29
57.57/81.12
46.27 / 80.38

84.71/84.71
71.16/84.00
58.57/82.31
48.52/82.85

86.20 / 86.20
71.96/83.48
62.57/86.95
54.98 / 87.87

MTP
10B

82.38/82.38
68.11/82.67
57.26 / 84.07
48.82/85.27

89.63/89.63
81.39/90.80
74.31/91.30
68.22/91.81

80.54 / 80.54
63.11/78.35
48.58 /76.98
37.85/77.92

82.81/82.81
74.54/90.02
68.99/92.56
65.31/94.67

83.64/83.64
67.29 /80.45
52.80/78.47
41.87/79.30

78.06 /78.06
61.40/78.66
47.66/77.62
37.45/178.58

80.81/80.81
64.48 /79.79
53.34/82.72
45.22/84.78

MoE

MTP-D

PO = AW~

85.67/85.67
71.93/83.97
61.55/85.58
52.47/85.25

91.41/91.41
83.84/91.72
76.97/91.82
71.47/92.86

82.22/82.22
65.10/79.18
49.75776.42
37.89/76.16

86.98 / 86.98
79.38/91.26
73.24792.26
68.05/92.92

86.40 / 86.40
73.20/84.72
60.36 / 82.45
49.18/81.48

82.46/82.46
68.42/82.98
55.04/80.45
44.51/80.87

85.92/85.92
72.79 /1 84.72
62.88 /86.38
54.28 / 86.32

Table 6: Cumulative acceptance rate and acceptance rate of MTP heads for the 2B Dense and 10B MoE models
across multiple benchmarks. Here, I denotes the index of the MTP head. For the K = 1 group, the CAR is
identical to the AR. For the K = 4 group, each cell reports CAR/AR (%) values. The best CARs of different MTP

heads are highlighted in bold.

Method

K Model (MTP) Mean
2B Dense  NTP (baseline) 11.06

10B MoE  NTP (baseline) 13.49
MTP 11.28

| 2B Dense MTP-D 11.68
MTP 13.75

10B MoE MTP-D 14.15
MTP 11.06

A 2B Dense MTP-D 11.13
MTP 13.80

10B MoE MTP-D 13.79

Table 7: Mean accuracy of the main head averaged over
seven benchmarks for the 2B Dense and 10B MoE mod-
els.

tween MTP heads and the main head, thereby en-
dowing it with markedly improved scalability.

F.2 Continued Pre-trained Looped Extension

Figures 12 and 13 present the CAR curves for
looped extension up to 8 and 16 MTP heads, re-
spectively, under the continued pre-training set-
ting.

Strategy Acct MTP Loss|

1 2 3 4
2.671 2777 2.839 2.887

2.690 2.784 2.844 2.885
2.687 27797 2.863 2.909
2716 2.833 2901 2.945

MTP-D

1.0
0.3
0.1

11.13

10.93
11.25
11.40

B

Table 8: Ablation results for MTP-D with 4 MTP head.
The MTP-D configuration is: detach, Top/N = 10,000,
Br = 0.5, forward KL divergence (bold).

G Other Comparison

Existing speculative decoding methods can be
broadly categorized into two paradigms: (1) joint
pre-training with extension, where MTP draft
heads are co-trained with the main model from
scratch and subsequently extended to more heads;
and (2) post-hoc draft model training, where a
separate lightweight draft model (e.g., Eagle3 (Li
et al., 2026), Medusa (Cai et al., 2024)) is trained
after the target LLM has been fully trained. While
post-hoc methods offer flexibility for off-the-shelf
LLMs, they tend to yield lower accept rates under
the same parameter budget. In this work, we focus
on the joint pre-training with extension paradigm,
which is increasingly adopted in industrial-scale
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Figure 10: Cumulative accept rates on multiple pretraining benchmarks with the training-free looped MTP scaled

up to 8.
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(e) SimpleQA.
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Figure 11: Accept rates on multiple pretraining benchmarks with the training-free looped MTP scaled up to 8.
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Figure 12: Cumulative accept rates on multiple pretraining benchmarks with the looped MTP scaled up to 8.

4241




(a) AGIEval.

(d) NaturalQuestions.
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Figure 13: Cumulative accept rates on multiple pretraining benchmarks with the looped MTP scaled up to 16.

Accept

Acceptance Rate (CAR/AR, %)

Method Heads tok/s Speedup s/sample Draft%
Length Hy i, i, s
Baseline - 31.0 1.000x 8.287 - - - - - -
IMTP-D 1 54.0 1.743x 4790 1934 934/934 - - - 7.2
2MTP-D 2 65.1 2.099x 3967 2.695 92.5/92.4 77.0/83.2 - - 17.1
3MTP-Dyy, 3 73.9 2.383x 3.498  3.367 91.8/91.8 78.7/85.6 66.1/83.3 - 24.0
3MTP-D 3 75.5 2.436x% 3.443 3411 92.6/92.6 80.1/86.4 68.4/84.7 - 24.6
4MTP 4 91.0 2.930x 3.169 3910 92.1/92.1 77.7/84.3 65.4/83.3 55.9/83.6 29.5
4MTP-D 4 94.2 3.039x 2.754 3969 92.5/92.5 78.8/85.1 67.7/85.0 57.9/83.5 29.2

Table 9: Speculative decoding results on GSM8K (max

tokens =256). “Accept Length” = average number of

tokens accepted per decoding step. Acceptance-rate columns show CAR/ AR rates per draft head H;. 3MTP-Dg,
shares parameters across heads; 4MTP uses standard MTP without distillation. Bold: best.

Method Heads tok/s Speedup s/sample Iiflclelt)l: Acceptance Rate (CAR/AR, %) Draft%
8 Ho H, H> Hs
Baseline - 33.3 1.000x 15.425 - - - - - -
IMTP-D 1 60.5 1.818x 8.507 1.975 97.5/97.5 - - - 6.4
2MTP-D 2 76.9 2.310x 6.692 2.794 97.3/97.3 82.1/84.3 - - 16.2
3MTP-Dy, 3 77.6  2.330x% 6.692 3.450 97.2/97.2 84.3/86.6 63.5/74.4 - 24.1
3MTP-D 3 858 2.576x 6.040 3.495 97.3/97.3 85.8/88.2 66.4/76.5 - 239
4MTP 4 89.8 2.697x 5.863 3.987 96.8/96.8 84.0/86.7 64.3/75.5 53.5/78.4 29.5
4MTP-D 4 93.2 2.800x 5.648 4.021 97.1/97.1 84.7/87.2 66.0/76.8 54.4/77.9 29.4

Table 10: Speculative decoding results on MBPP+ (max_tokens=512). Column descriptions follow Table 9.

Bold: best throughput.

Accept

Acceptance Rate (CAR/AR, %)

Method Heads tok/s Speedup s/sample Draft%
Length Hy i, H, s
Baseline - 32.8 1.000x 1.962 - - - - - -
IMTP-D 1 55.3 1.688x 1.168 1.876 87.6/87.6 - - - 6.6
2MTP-D 2 66.9 2.042x 0.963 2.520 86.7/86.7 65.3/75.2 - - 15.8
3MTP-Dy 3 61.0 1.863x 1.063  3.010 84.1/84.1 65.7/77.8 51.3/77.9 - 24.5
3MTP-D 3 712 2.174x 0.909 3.035 84.4/84.4 66.5/78.6 52.6/78.9 - 23.4
AMTP 4 76.0 2.319x 0919 3.430 82.3/82.3 66.0/79.8 51.9/78.6 42.8/81.9 29.2
4MTP-D 4 76.8 2.344x 0.847 3.445 82.3/82.3 65.6/79.5 53.3/81.1 43.4/80.9 29.0

Table 11: Speculative decoding results on SimpleQA (
Bold: best throughput.

max_tokens =64). Column descriptions follow Table 9.
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LLMs (e.g., DeepSeek (DeepSeek-Al, 2026),
GLM (Zeng et al., 2026), and MiMo (Xiaomi
et al., 2025; Xiao et al., 2026)), and propose ef-
fective strategies for MTP head training and exten-
sion.

H Production-Scale Experimental
Validation

To further validate the effectiveness of MTP-D,
we apply our self-distillation method to the MTP
extension stage of a production-scale pre-trained
model with 1 MTP head, under production-level
data and training infrastructure. The model is a 7B
MoE architecture with the Muon optimizer (Liu
et al.,, 2025a) and MLA attention (Deepseek
et al., 2024). Using the vLLM inference frame-
work (Kwon et al., 2023), we evaluate on three
categories of benchmarks: Math (GSM8K (Cobbe
et al., 2021)), Code (MBPP (Austin et al., 2021)),
and Knowledge (SimpleQA (Wei et al., 2024)).
The results are reported in Tables 9, 10, and 11.

Overall, 4MTP-D achieves the best through-
put across all three benchmarks, achieving ac-
cept lengths of 3.97, 4.02, and 3.45 on GSMSK,
MBPP+, and SimpleQA, respectively. Specif-
ically, compared to 4MTP, 4MTP-D improves
tok/s, speedup, and acceptance length by 2.8%,
2.9%, and 0.9% on average, respectively. Fur-
thermore, progressive MTP head extension yields
consistent gains across all metrics, with speedup,
acceptance length, and tok/s increasing monotoni-
cally from Baseline — IMTP-D (+0.75x, +0.93,
+24.2) — 2MTP-D (+1.15%x, +1.67, +37.2) —
3MTP-D (+1.40x, +2.31, +45.1) — 4MTP-D
(+1.73x, +2.81, +55.7). These results demon-
strate that the combination of MTP-head scal-
ing and self-distillation remains effective under
production-scale models and deployment environ-
ments.
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