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Abstract

Multi-Token Prediction (MTP) has emerged
as an effective paradigm that augments a
shared Large Language Model backbone with
auxiliary heads, training the model to pre-
dict several future tokens in parallel to en-
rich its supervision signal and accelerate in-
ference. However, existing training frame-
works adopt a rigid, fixed-length prediction
horizon, disregarding the highly non-uniform
information density of natural language and
code. Forcing the auxiliary heads to predict
across high-entropy semantic boundaries in-
jects noisy, conflicting training signals; be-
cause these heads share the backbone’s latent
representations, the resulting gradients back-
propagate and interfere with the model’s core
capabilities. We propose AdaMTP, an adap-
tive training paradigm that dynamically aligns
the prediction horizon with the intrinsic pre-
dictability of the sequence. At its core, an
entropy-based segmentation algorithm lever-
ages the base model to detect sudden surges
in uncertainty as semantic boundaries, parti-
tioning sequences into variable-length groups.
Each token is assigned an adaptive predic-
tion depth, and a dynamically masked MTP
objective suppresses the loss for predictions
that cross these boundaries, attenuating the
noisy gradients that degrade the backbone.
Across mathematical reasoning, code genera-
tion, and general benchmarks on three back-
bones (Llama-3.1-8B, Qwen-2.5-7B, Gemma-
3-12B), AdaMTP consistently outperforms
standard MTP in both task performance and
inference speedup.

1 Introduction

Large Language Models (LLMs) have achieved re-
markable success across a wide range of natural
language processing, mathematical reasoning, and
code generation tasks. Currently, these models
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Figure 1: Token-level predictive entropy of the LLM
over an example sequence. Within a cohesive semantic
group, the entropy follows an approximately monoton-
ically decreasing trend as the local context becomes in-
creasingly constrained; at a semantic boundary, the en-
tropy exhibits a sudden surge. AdaMTP exploits these
entropy surges to partition the sequence into variable-
length groups.

are predominantly trained using the standard Next-
Token Prediction (NTP) objective, where models
are trained to predict the immediate next token
given the preceding context. Despite their ro-
bust generative capabilities, the strictly autoregres-
sive nature of NTP imposes a fundamental bottle-
neck during inference. Generating tokens one by
one leads to high latency and computational inef-
ficiency, especially for long-form generation and
interactive applications.

To mitigate this inference bottleneck, Multi-
Token Prediction (MTP) has recently emerged as
a highly effective paradigm. By augmenting a
shared LLM backbone with multiple auxiliary out-
put heads, MTP generalizes the standard training
objective to predict several future tokens simulta-
neously. During training, this multi-token objec-
tive provides richer supervision signals, equipping
the model with enhanced long-term planning capa-
bilities. During inference, MTP circumvents the
strict autoregressive bottleneck by generating mul-
tiple tokens per step, thereby accelerating decod-
ing speed.

However, existing MTP frameworks enforce a



rigid, fixed-length prediction horizon for every
token, overlooking the varying predictability of
the underlying context. Natural language and
code exhibit highly non-uniform information den-
sity.  Within contiguous chunks such as com-
mon phrases or local code blocks, the sequence
is highly predictable; notably, we observe that
predictive uncertainty (entropy) approximately fol-
lows a monotonically decreasing trend in these
regions (as illustrated in Figure 1). In contrast,
transitions between different conceptual ideas or
syntactic structures are characterized by sudden
spikes in uncertainty. Forcing the auxiliary heads
to predict a fixed number of tokens across these
high-entropy boundaries inherently injects noisy,
conflicting training signals. Because the auxiliary
heads and the main language modeling head share
the same latent representations, these noisy gra-
dients backpropagate and cause severe represen-
tation interference, ultimately degrading the base
model’s core capabilities.

Motivated by these limitations, we propose
AdaMTP (Adaptive Multi-Token Prediction), a
novel framework that dynamically aligns the
multi-token prediction horizon with the intrinsic
predictability of the sequence. At the core of
AdaMTP is an entropy-based data segmentation
algorithm. By using the base LLM to estimate
token-level predictive entropy, we identify sudden
surges in uncertainty—which disrupt the afore-
mentioned approximately monotonic decrease—
as semantic boundaries, partitioning the sequence
into cohesive, variable-length groups. Based on
these partitions, we assign each token an adap-
tive prediction depth, defined as the distance to
the end of its current group (or the subsequent
group for boundary tokens). To incorporate this
into training, we introduce a dynamically masked
MTP loss: for any given token, the loss for fu-
ture predictions that exceed its adaptive depth is
masked out. This crucial design prevents the aux-
iliary heads from forcibly predicting across unpre-
dictable boundaries, thereby attenuating the noisy
gradients that degrade the model’s core capabili-
ties. At inference time, AdaMTP provides two de-
coding modes. By default, it adopts the same fixed-
horizon scheme as standard MTP, yet achieves
faster inference; alternatively, an adaptive-horizon
mode prunes low-confidence branches via the real-
time entropy signal to cut verification cost—an
efficiency edge that becomes pronounced under
large-batch serving.

We comprehensively evaluate AdaMTP on di-
verse benchmarks spanning mathematical reason-
ing, code generation, and general language profi-
ciency. Using three representative base models—
Llama-3.1 (8B), Qwen-2.5 (7B), and Gemma-
3 (12B)—our extensive experiments demonstrate
that AdaMTP improves on both task performance
and inference efficiency. In terms of quality, it mit-
igates the representation interference inherent in
standard MTP and consistently surpasses both the
NTP and fixed-horizon MTP baselines in average
score. In terms of efficiency, it retains and fur-
ther strengthens the self-speculative acceleration
of MTP, delivering substantial speedups over NTP
while also decoding faster than standard MTP. Ul-
timately, these results indicate that adapting the
MTP objective to local predictability is a more reli-
able way to retrofit pretrained LLMs with efficient
multi-token generation.

In summary, our main contributions are as fol-
lows:

* We identify and empirically corroborate a key
limitation of existing MTP training: uniformly
predicting a fixed number of future tokens can
adversely affect the pretrained backbone, which
we attribute to the noisy supervision forced
across high-entropy linguistic boundaries.

* We propose AdaMTP, an adaptive training
paradigm that uses entropy-based data segmen-
tation to assign each token an adaptive predic-
tion depth, together with a dynamically masked
MTP objective that suppresses training signals
beyond this depth to curb the resulting noisy gra-
dients.

» Extensive experiments across three backbones
and eight benchmarks show that AdaMTP
consistently outperforms both NTP and stan-
dard MTP in task performance while decod-
ing faster—delivering substantial speedups over
NTP and surpassing the inference speed of stan-
dard MTP.

2 Preliminaries

2.1 Next-Token Prediction (NTP)

The standard training paradigm for LLMs relies
on NTP task. Given a sequence of tokens z1.7 =
(x1,x2,...,2z7), the primary objective is to mini-
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Figure 2: Overview of AdaMTP training paradigm. (Left) Entropy-Based Data Segmentation: using the base
model’s next-token entropy, the sequence is split into variable-length groups at points of sudden entropy surge, and
each token is assigned an adaptive prediction depth. (Right) Dynamically Masked MTP Training: the shared
LLM backbone feeds n parallel heads that predict future tokens; losses for predictions falling within each token’s
adaptive depth are retained as valid signal, while those crossing group boundaries are masked out and ignored.

mize the cross-entropy loss:
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where x1.; denotes the context up to step ¢, and
Py(x441 | x14) represents the model’s predicted
probability distribution over the vocabulary for the
next token. During inference, NTP operates in a
strictly autoregressive manner. The model gener-
ates a single token at a time by sampling from the
predicted distribution.

2.2 Multi-Token Prediction (MTP)

MTP extends the standard NTP paradigm by train-
ing the model to predict n future tokens x4y 144y
at each position, using a shared backbone together
with one main head and n — 1 auxiliary heads.

T—n

- Z log P9($t+1:t+n \ CUl:t).
t=1
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In recent studies, the overall architecture 6 is de-
coupled into a shared backbone with parameters 6,
a main language modeling head 6y, and n — 1 aux-
iliary output heads with parameters {0, }7~; ! The
shared backbone maps the context x1.; to a hldden
representation z1.; = fp(14). The main head
reuses 2. to predict the next token x:y1, while
the j-th auxiliary head predicts the token at offset
Jj+1,1.e. wyyjr1. All n heads operate in parallel
on the same representation, so that n future tokens

are produced within a single forward pass. Assum-
ing conditional independence of the future tokens
given z1., the joint distribution of the next n to-
kens is factorized as

n—1

= Py, (@441 | z1:4) H Py, (w1541 | 21:4),

j=1

3
where z71.; 18 a deterministic function of the context
and Py, (- | z1.¢) denotes the distribution predicted
by the j-th auxiliary head. In practice, rather than
pretraining from scratch, these auxiliary heads are
commonly attached to an already pretrained LLM
and trained via fine-tuning, retrofitting multi-token
prediction onto an existing NTP model at a frac-
tion of the pretraining cost.

During inference, the MTP model leverages its
multiple heads to propose subsequent n candidate
tokens simultaneously. To guarantee generation
quality, this parallel drafting mechanism is paired
with a verification step, effectively forming a self-
speculative decoding framework. The model eval-
uates the proposed candidates in a single forward
pass, accepts the valid tokens, and advances the
context window accordingly. This approach accel-
erates inference while strictly preserving the origi-
nal output distribution of the LLM.

Pe(mt+l:t+n ‘ xl:t)

3 Methodology

In this section, we detail AdaMTP (Adaptive
Multi-Token Prediction), our framework that dy-
namically adjusts the multi-token prediction hori-



zon based on the intrinsic predictability of the se-
quence. AdaMTP consists of an entropy-based
data segmentation algorithm, a two-stage adaptive
training pipeline, and a dual-mode accelerated de-
coding mechanism for inference.

3.1 Entropy-Based Data Segmentation

During training, standard MTP forces the model
to predict a fixed number of future tokens at ev-
ery time step, regardless of the difficulty or pre-
dictability of the context. This rigid approach can
be highly detrimental: forcing the model to predict
across high-entropy boundaries—where future to-
kens are conceptually unrelated to the current
context—injects noisy, conflicting training signals.
Since the auxiliary MTP heads and the main lan-
guage modeling head share the same underlying
hidden representations, these noisy gradients can
severely interfere with the main head’s optimiza-
tion, ultimately degrading the base model’s core
capabilities.

To alleviate this optimization burden and
prevent representation interference, we propose
an entropy-based segmentation algorithm that
groups tokens according to their predictive un-
certainty. Given a sequence of tokens X =
(z1,22,...,2N), we use the exact same pre-
trained base model designated for supervised fine-
tuning (SFT) as our reference model to compute
the entropy of the next-token distribution at each
position ¢:

By =H(P(-|x<t)) ==Y P(v|z<)log P(v | 2<)

veEVY
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where V is the vocabulary. Using the SFT base
model as the reference ensures that the computed
uncertainty perfectly aligns with the target model’s
intrinsic probability distribution. We then calcu-
late the delta entropy between consecutive tokens
as AF, = FE;1 — E;. Conceptually, as the
model generates tokens within a cohesive seman-
tic chunk, the local context becomes increasingly
constrained, causing the predictive entropy to ex-
hibit a roughly monotonically decreasing trend
(i.e., uncertainty tends to diminish as the phrase
nears completion). Conversely, a large positive
AFE, signifies a sudden spike in uncertainty, typi-
cally corresponding to crossing a linguistic bound-
ary or transitioning to a new semantic unit. This
entropy dynamic, illustrated in Figure 1, implies
that detecting these surges alone suffices to cleanly
recover coherent semantic groups.

Therefore, we segment the sequence into con-
tiguous groups by splitting at indices where the
surge in entropy exceeds a predefined threshold
(AE; > 7). The threshold 7 is calibrated via
a dataset-level search so that the resulting av-
erage group size matches the total number of
heads n (i.e., the maximum prediction depth),
thereby aligning the segmentation granularity with
the model’s multi-token prediction capacity. Let
Gy = [sk,ex) denote the k-th token group span-
ning from index s; to e, — 1. For a token x; lo-
cated within G, we define its adaptive prediction
depth d; as follows:

e, —t—1, ift<e,—1
dy=1{" Lt (5)
|Gl ift=e,—1

where |G41| = eg4+1 — Sk+1 denotes the length
of the subsequent group. Intuitively, tokens strictly
inside a predictable group only predict the remain-
der of their current group, while the boundary
token (which precedes a high-entropy transition)
is tasked with predicting the entirety of the next
group. This design ensures that the training pre-
diction depth flexibly adapts to the natural chunk-
ing of language. Throughout, we use horizon to
denote the number of future tokens the model is
asked to predict at a step, and (adaptive) depth
d; to denote the per-token training target assigned
by our method. Since the model is equipped with
only n—1 auxiliary heads, the effective supervised
depth is capped at the horizon n: for any token,
whenever d; > n, supervision is applied only up
to offset 1, i.e., min(dy, n).

3.2 AdaMTP Training

At the heart of AdaMTP is its adaptive training ob-
jective: instead of forcing every token to predict a
fixed number of future tokens, we supervise each
token only within its adaptive prediction depth d;,
masking out any prediction that crosses a seman-
tic boundary. To instill this objective into a pre-
trained LLM while minimizing disruption to its
foundational language modeling ability, we adopt
a two-stage pipeline—an auxiliary-head warm-up
followed by joint fine-tuning—following the stan-
dard training practice for retrofitting MTP heads
onto pretrained models (Cai et al., 2024; Liu et al.,
2025).

Auxiliary-Head Warm-Up. Our training proce-
dure builds upon a pretrained base language model.



To equip the model with multi-token prediction ca-
pabilities, we augment the base LLM with n — 1
auxiliary output heads, each responsible for pre-
dicting a token at a specific future offset. Archi-
tecturally, each auxiliary head is implemented as
a multi-layer perceptron (MLP) followed by a lin-
ear projection layer that maps the hidden states di-
rectly into the vocabulary space. The primary ob-
jective of this initial stage is to align these newly
introduced heads with the base LLM. To achieve
this, we freeze the LLM backbone and its original
language modeling head, restricting parameter op-
timization entirely to the auxiliary heads. During
this stage, we utilize self-distilled data for train-
ing, which is generated by feeding prompts into
the base LLM and collecting its outputs. The train-
ing objective is formulated as:

n—1T-j-1

Loumap =y > Leg (Headj(hy), zi1j41)

j=1 t=1

(6)

where h; is the frozen hidden state of the backbone

at time step ¢, and Lcg denotes the standard cross-
entropy loss.

Adaptive Joint Training. In the second stage,
we conduct joint training by applying Low-Rank
Adaptation (LoRA) across all model components,
encompassing both the LLM backbone and the
output heads. During this joint training process,
we utilize the pre-computed adaptive depths d; to
selectively mask the MTP loss.

Let h; denote the hidden state at time step t.
The base model predicts the next token x4 1, while
the j-th MTP head (1 < 7 < n) predicts the fu-
ture token x4 ;1. Unlike traditional MTP train-
ing, which uniformly penalizes predictions up to
a fixed depth regardless of context difficulty, our
approach dynamically masks the loss for tokens
beyond the adaptive depth d;. Consequently, the
adaptive MTP loss is defined as:

n—17T—j5—-1

Lwrp =Y > (G +1<d)
=1 t=1

- LcE (Headj(ht)a xt—i—j-‘—l) s
(7)

where [(-) is the indicator function and Lcg is the
cross-entropy loss. To enable joint optimization,
the total loss is formulated as a weighted sum of
the standard language modeling loss L1y (for the

base model) and the adaptive MTP loss Lyirp:
Lot = LM + ALmtp, (8

where A controls the contribution of the auxiliary
heads. This adaptive joint training prevents the
model from attempting to predict excessively far
into unpredictable futures, thereby concentrating
its capacity on highly certain and structured pre-
dictions.

3.3 Inference Procedure

During inference, the trained MTP heads are used
for self-speculative decoding: at each step they
draft several candidate future tokens, and the base
model verifies these candidates in a single forward
pass, accepting only the prefix consistent with its
own predictions. Because every accepted token is
validated by the base model, this draft-then-verify
procedure is lossless—it yields exactly the same
output as standard autoregressive decoding while
reducing the number of sequential steps and thus
accelerating generation. Within this framework,
we provide two generation settings:

Fixed-Horizon Generation. In this default set-
ting, the MTP heads always draft the full horizon
of n candidate tokens at every step. Following
Medusa (Cai et al., 2024), these candidates are or-
ganized into a token tree and verified by the base
model in a single forward pass. Since this ver-
ification pass is dominated by the base model’s
forward computation and, at small batch sizes, is
only weakly sensitive to the number of candidates
it checks, drafting the maximum number of can-
didates maximizes the expected number of tokens
accepted per step.

Adaptive-Horizon Generation. Alternatively,
we offer an adaptive strategy that dynamically
determines how many candidates to generate
from the real-time entropy delta: the MTP heads
stop drafting further into the future once the
entropy increase between consecutive predicted
tokens exceeds a threshold. This prunes the
candidate tree and reduces the number of tokens
the base model must verify. Since it only forgoes
low-confidence tail candidates that would largely
have been rejected anyway, under an appropriate
threshold it incurs no loss in per-step acceptance
length relative to fixed-horizon generation. The
resulting saving is marginal for single-sample
decoding—where verifying a few extra candidates



adds negligible latency—but becomes substantial
under large-batch, compute-bound serving, whose
latency scales with the total number of candidates
verified.

4 Experiments

4.1 Experimental Settings

Datasets. In alignment with the previous work
(Liu et al., 2025), our training corpus is assem-
bled from the Math (Hendrycks et al., 2021), Evol-
Instruct-Code (Luo et al., 2023; Chaudhary, 2023),
and Alpaca-GPT4 (Peng et al., 2023) datasets.
The training procedure is divided into two phases.
Initially, the entire dataset is leveraged to perform
self-distillation. Subsequently, the second phase
utilizes a randomly sampled subset of 10,000 in-
stances, distributed across mathematical, program-
ming, and general domains in a 4:4:2 ratio. To
rigorously assess the proposed methodologies, we
employ a diverse suite of benchmarks: Math500
(Lightman et al., 2023) and GSMS8K (Cobbe et al.,
2021) (both evaluated in a 4-shot setting) for math-
ematical reasoning; MBPP, MBPP+ (Austin et al.,
2021; Liu et al., 2023), HumanEval, and Hu-
manEval+ (Chen et al., 2021; Liu et al., 2023) for
code generation capabilities; alongside MMLU
(Hendrycks et al., 2020) and IFEval (Zhou et al.,
2023a) to measure general proficiency.

Evaluation Metrics. To evaluate task perfor-
mance, we report accuracy for mathematical and
general-domain benchmarks, while employing the
pass@1 metric for code generation tasks. Further-
more, we assess efficiency via a speedup ratio rel-
ative to standard autoregressive NTP decoding on
the same model.

Base LLMs. Our experimental framework em-
ploys three base large language models: Llama-
3.1 (8B), Qwen-2.5 (7B), and Gemma-3 (12B).
This selection was made to ensure a comprehen-
sive evaluation across a diverse spectrum of model
architectures and parameter capacities.

Baselines. To evaluate generation efficacy, we
benchmark our approach against two established
paradigms: standard NTP and MTP. These base-
lines serve to measure the models’ capacity to pro-
duce accurate and contextually appropriate text.
For the efficiency analysis, standard autoregres-
sive NTP decoding provides the 1x reference
against which speedups are measured, while we

compare AdaMTP with standard MTP, both of
which employ self-speculative decoding for loss-
less acceleration.

Implementation Details. During the initial head
warm-up stage, we freeze the LLM backbone and
exclusively train the prediction heads for 1 epoch
with a learning rate of 1 x 1073, In the subsequent
stage, we utilize LoRA (rank r = 32, a = 16)
to fine-tune the model for 3 epochs with a learn-
ing rate of 1 x 107°. We set the prediction depth
to n = 4 and the auxiliary MTP loss weight to
A = 0.1 by default. To ensure a fair comparison,
identical training configurations are applied to the
standard MTP baseline. All experiments are con-
ducted on four NVIDIA H800 GPUs with a total
batch size of 256.

4.2 Overall Performance

Table 1 compares AdaMTP against NTP and stan-
dard MTP across three base models and eight
benchmarks; we highlight the key findings below.

AdaMTP consistently achieves the best over-
all performance. Across all three backbones,
AdaMTP attains the highest average score—36.85
on Llama-3.1-8B, 63.19 on Qwen-2.5-7B, and
46.12 on Gemma-3-12B—surpassing both NTP
and standard MTP. This consistency across model
families and scales shows that adaptively align-
ing the prediction horizon with sequence pre-
dictability is a robust, architecture-agnostic strat-
egy. Intriguingly, on Qwen-2.5-7B all fine-tuning
paradigms (including NTP) fall below the Base
model, an observation consistent with prior find-
ings (Liu et al., 2025); we attribute this to the dis-
tribution shift of our fine-tuning corpus rather than
the MTP training paradigm, as plain NTP is af-
fected identically. Even in this regime AdaMTP
still outperforms both NTP and standard MTP, in-
dicating that the adaptive objective remains bene-
ficial regardless of data quality. As our focus is
isolating the effect of the adaptive horizon relative
to standard MTP, we leave higher-quality data cu-
ration to future work.

Standard MTP suffers from representation in-
terference. Standard MTP consistently under-
performs NTP on average across all three models.
This corroborates our hypothesis: forcing the aux-
iliary heads to predict a rigid number of tokens
across high-entropy boundaries injects noisy, con-
flicting gradients into the shared backbone, cor-



Math500 GSMS8K | MBPP MBPPt HumanEval HumanEval™ | MMLU IFEval | Avg.
&
:‘_; NTP 5.60 11.30 61.34 50.95 42.26 35.37 63.64 20.08 | 36.32
§ MTP 5.00 11.30 60.38 50.00 41.46 35.98 63.33 19.74 | 35.90
§ AdaMTP 7.20 13.12 61.64 50.26 42.68 35.98 63.67 20.26 | 36.85
N
:’\llﬁ, NTP 49.20 52.75 76.50 64.29 77.44 69.26 71.58 42.35 | 62.92
§ MTP 48.60 47.69 74.34 63.76 76.22 70.12 71.77 40.29 | 61.60
Q' AdaMTP 49.40 50.72 76.19 64.81 78.05 71.95 71.79 42.57 | 63.19
S
rvé NTP 9.00 9.33 70.63 58.99 61.02 56.10 70.73 2994 | 45.72
§ MTP 12.60 13.86 65.34 54.50 59.15 51.22 71.82 31.41 | 44.99
lQDJ AdaMTP 16.00 14.81 66.08 54.50 60.37 53.05 72.04 32.13 | 46.12

Table 1: Performance comparison among different prediction paradigms (NTP, MTP, and our AdaMTP) across
diverse tasks and benchmarks. For each backbone, the best average result (Avg.) among NTP, MTP, and AdaMTP

is highlighted in bold.

GSM8K HumanEval IFEval

= NTP 1.00x 1.00x 1.00x
E MTP 1.65x 1.86x  1.48x

= AdaMTP 2.12x 2.01x 1.52x
p NTP 1.00x 1.00x 1.00x
5 MTP 1.84% 1.55x  1.40x
© AdaMTP 1.87x 1.56x 1.43x
< NTP 1.00x 1.00x 1.00x
= MTP 2.38% 159 157x

©  AdaMTP 2.75x 1.62x 1.61x

Table 2: Inference speedup comparison of NTP, MTP,
and AdaMTP across three backbones.

rupting its core capabilities. AdaMTP instead
masks these unpredictable predictions, suppress-
ing the interfering signals and exceeding the per-
formance of NTP.

Gains span math reasoning, code, and general
tasks. AdaMTP improves consistently across
task categories, most notably on mathematical
reasoning: since these tasks demand long-range
planning, concentrating multi-token supervision
within cohesive, predictable chunks yields cleaner
training signals. On code generation, it recovers
the losses incurred by standard MTP and matches
or exceeds NTP. It also preserves general-domain
ability, achieving the best IFEval and MMLU

scores among the trained paradigms.

4.3 Inference Acceleration

Beyond task performance, a central promise of
the MTP paradigm is its ability to accelerate de-
coding via self-speculative generation. Table 2
reports the speedup ratio of NTP, standard MTP,
and AdaMTP on GSM8K, HumanEval, and IFE-
val across all three backbones, using autoregres-
sive NTP decoding as the reference (1.00x);
here AdaMTP adopts its default Fixed-Horizon
decoding, the same scheme used by standard
MTP. Across every backbone and benchmark,
AdaMTP delivers substantial acceleration over
NTP, ranging from 1.43x up to 2.75x, with the
largest gains on the highly structured GSMS8K task
(e.g., 2.75x on Gemma-3-12B). More importantly,
AdaMTP consistently surpasses standard MTP—
for instance, improving the GSM8K speedup from
1.65% to 2.12x on Llama-3.1-8B—while simulta-
neously achieving superior task performance. Be-
cause the two share an identical inference proce-
dure, this acceleration gain over MTP arises purely
from our adaptive training objective, which yields
auxiliary heads whose drafts are more frequently
accepted by the verifier, allowing AdaMTP to en-
hance the inference speedups that make MTP at-
tractive in practice.
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Figure 3: Impact of the number of prediction heads
n on Llama-3.1-8B (n = 1 corresponds to NTP).

AdaMTP stays consistently above standard MTP.

4.4 Impact of the Number of Prediction
Heads

We vary the total number of heads from n=1
(i.e., NTP) to n=6 on GSM8K with Llama-3.1-8B,
holding all other settings fixed. As shown in Fig-
ure 3(a), the accuracy of standard MTP declines al-
most monotonically as n grows, falling from 11.60
at n=2 to 9.68 at n=6—well below the 11.30
NTP reference. This is a direct consequence of
representation interference: each additional head
forces the shared backbone to predict one token
further ahead, crossing more high-entropy seman-
tic boundaries and injecting proportionally more
noisy gradients. AdaMTP instead masks precisely
these cross-boundary predictions, so it stays above
NTP throughout and peaks at n=4 with 13.12; ac-
cordingly, its gap over MTP widens steadily with
n (from +0.53 at n=2 to +1.90 at n=6). In terms
of inference speedup (Figure 3(b)), AdaMTP like-
wise dominates standard MTP at every operating
point and degrades more gracefully as n increases,
since concentrating supervision within predictable
chunks keeps even its deepest drafts frequently ac-
ceptable to the verifier. Overall, across every head
budget n, AdaMTP consistently surpasses stan-
dard MTP in both accuracy and inference speedup,
confirming that its advantage is robust to the num-
ber of prediction heads rather than tied to a partic-
ular setting.

4.5 Discussion on Adaptive-Horizon
Decoding

We now compare AdaMTP’s two inference
modes—Fixed-Horizon and Adaptive-Horizon
Generation—to quantify the benefit of entropy-

GSMBK
[ Fixed Verification [ Adaptive Verification

HumanEval
[ Fixed Verification [ Adaptive Verification

4.00 4.00

Verification Count / Step
Verification Count / Step

3.00 3.00

Llama3.1-8B

Qwen2.5-7B
Figure 4: Average number of candidate tokens verified
per decoding step under the fixed-horizon and adaptive-
horizon generation. The adaptive strategy reduces the
per-step verification cost without degrading task accu-
racy.

Llama3.1-8B

Qwen2.5-7B

based candidate pruning. To this end, we evaluate
Adaptive-Horizon against the Fixed-Horizon
baseline on GSM8K and HumanEval with
Llama3.1-8B and Qwen2.5-7B, measuring the
average number of tokens verified per step. As
shown in Figure 4, the adaptive strategy con-
sistently reduces the verification burden while
keeping accuracy statistically indistinguishable
from the baseline, confirming that the pruned tail
candidates were largely redundant. This reduction,
however, yields little speedup for single-sample
inference, which is memory-bandwidth bound.:
latency is dominated by streaming the model
weights from DRAM, so trimming a few candi-
dates neither reduces weight loading nor shortens
the already-parallel verification pass. Under large-
batch, compute-bound inference, by contrast,
latency grows with the total number of candidate
tokens, so pruning directly cuts the workload
and yields clear throughput gains as batch size
increases.

5 Related Work

5.1 Multi-Token Prediction

Qi et al. (2020) introduce n-step-ahead prediction
in sequence-to-sequence pretraining to encourage
future planning and reduce overfitting to local cor-
relations. Gloeckle et al. (2024) formalize multi-
token prediction by adding parallel heads during
pretraining, improving reasoning over next-token
prediction, and Basharin et al. (2024) generalize
these independent heads to a rank-r canonical ten-
sor decomposition to better capture dependencies
among future tokens. MTP has also been adopted
at scale during the pretraining of industrial LLMs
(Liu et al., 2024; Xiaomi et al., 2025) for better
data efficiency and long-horizon planning. Be-
yond pretraining from scratch, a more efficient line
retrofits an existing pretrained NTP model into an



MTP architecture (Cai et al., 2025): Medusa (Cai
et al., 2024) attaches multiple lightweight heads
that each forecast a token at a distinct future offset
at a fraction of the pretraining cost; Samragh et al.
(2025) equip the model with gated LoRA modules
and a learnable sampler for simultaneous multi-
token prediction; and L-MTP (Liu et al., 2025)
adds a leap-based mechanism that predicts non-
sequential positions in a single forward pass to
capture longer-range dependencies. These meth-
ods collectively show that retrofitting a pretrained
NTP model with extra prediction heads is a practi-
cal, cost-effective route to multi-token prediction,
yielding substantial inference speedups while pre-
serving generation quality. In addition, some ap-
proaches use MTP purely as an auxiliary training
objective to improve the generation quality of NTP
models, and thus provide no inference accelera-
tion, since the model still decodes one token at a
time at inference. For instance, MuToR (Geron-
topoulos et al., 2025) interleaves learnable register
tokens into the training sequence to predict future
targets, while TOP (Zuhri et al., 2025) replaces ex-
act future-token prediction with a learning-to-rank
loss that orders upcoming tokens by proximity.

5.2 LLM Inference Acceleration

The growing cost of LLM inference has motivated
acceleration methods that target different bottle-
necks. One line reduces the per-step cost via
model compression—quantization (Hubara et al.,
2018; Kim et al., 2023; Lin et al., 2024), pruning
(Frantar and Alistarh, 2023; Sun et al., 2023; Ma
et al., 2023; Gao et al., 2024), and knowledge dis-
tillation (Gu et al., 2023; Hinton et al., 2015; Hsieh
et al., 2023; Ho et al., 2023)—and efficient atten-
tion, whether linear (Katharopoulos et al., 2020;
Yang et al., 2024), sparse (Child et al., 2019;
Lu et al., 2025), or low-rank (Liu et al., 2024).
A second line improves system-level throughput
through operator fusion (Dao et al., 2022; Dao,
2023), KV-cache management (Kwon et al., 2023;
Zheng et al., 2024), and parallelism (NVIDIA,
2023). Orthogonally, a third line reduces the num-
ber of sequential decoding steps: speculative de-
coding (Leviathan et al., 2023; Chen et al., 2023;
Miao et al., 2024) losslessly amortizes autoregres-
sive generation by cheaply drafting candidate to-
kens and validating them in a single target-model
forward pass, with candidates proposed either by a
separate lightweight model (Leviathan et al., 2023;
Yang et al., 2025; Zhou et al., 2023b) or by the

target model itself via auxiliary prediction heads
(Stern et al., 2018; Cai et al., 2024; Li et al., 2024).

5.3 Adaptive Modeling

Motivated by the non-uniform information den-
sity of natural language, recent work dynamically
adjusts processing granularity rather than treating
all tokens uniformly (Barrault et al., 2024). The
two most relevant to ours both adapt granularity
on the input or representation side—the Byte La-
tent Transformer (Pagnoni et al., 2025) patches
bytes for the encoder, and Dynamic Large Con-
cept Models (Qu et al., 2025) compress tokens into
concepts—yet still emit a single token (or byte)
per step and therefore cannot accelerate decoding.
AdaMTP instead applies entropy-based, variable-
length segmentation to the multi-token prediction
itself: it turns each segment into an adaptive pre-
diction depth that masks cross-boundary super-
vision, simultaneously protecting the pretrained
backbone and enabling accelerated multi-token
generation.

6 Conclusion

In this paper, we identified a key limitation of
existing MTP: its fixed-length horizon ignores
the non-uniform information density of language,
forcing auxiliary heads to predict across high-
entropy boundaries and injecting noisy gradients
that degrade the shared backbone. To address
this, we proposed AdaMTP, which uses entropy-
based segmentation to assign each token an adap-
tive prediction depth and applies a dynamically
masked MTP objective that suppresses loss for
cross-boundary predictions. Across mathemat-
ical reasoning, code, and general benchmarks
on three backbones, AdaMTP consistently sur-
passes NTP and standard MTP in both task per-
formance and inference speedup, showing that
aligning the multi-token objective with local pre-
dictability is a robust, architecture-agnostic way to
retrofit pretrained LLMs with efficient multi-token
generation. Promising future directions include
higher-quality data curation and stronger adaptive-
horizon pruning for high-throughput batched infer-
ence.
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