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Abstract

Recent studies suggest that pre-trained large language models (LLMs)
might develop distinct functional roles across their layers: early layers fo-
cus on understanding the input context, middle layers handle task-specific
processing, and late layers map abstract representations to output tokens.
Inspired by the intuition that humans can produce an extended sequence
of speech from a single act of reading and thinking, we hypothesize that a
single pass through the early and middle layers could provide sufficient
information to support the decoding of multiple future tokens. Accordingly,
we propose Direct Multi-Token Decoding (DMTD), which performs only
one full forward pass for every n tokens and reuses the late layers to decode
multiple subsequent tokens. Unlike speculative decoding, our method in-
troduces no additional computation, auxiliary routines, or post-generation
verification. With minimal training overhead, a Qwen3-4B model fine-
tuned with DMTD achieves up to a 2.15x speedup with marginal perfor-
mance loss, and our scaling analysis indicates that its performance could
be further improved with larger-scale training.

Code O luoxuan-cs/Direct-Multitoken-Decoding
Model *  xuan-1luo/DMTD-Qwen3-4B

1 Introduction

Transformers are the default choice for building large language models (LLMs). The original
Transformer (Vaswani et al., 2017) employed an encoder-decoder structure for sequence-
to-sequence modeling, where the encoder processes input sequences for natural language
understanding (NLU) and the decoder produces outputs for natural language generation
(NLG). Subsequently, decoder-only architectures (Brown et al., 2020; Touvron et al., 2023;
Guo et al., 2025) have become mainstream due to their scalability and simplicity. By
leveraging masked self-attention, these decoder-only models process sequences causally,
enabling efficient parallel training and supporting versatile multi-tasking.

Recent studies reveal that pre-trained decoder-only transformers may exhibit specialized
functional roles across their layers (Sun et al., 2025; Ferrando et al., 2024; Merullo et al.,
2024; Skean et al., 2025). Specifically, these layers can be categorized into three functional
stages. First, early layers encode syntactic and semantic features of the input context (Hu
et al., 2024; Azaria & Mitchell, 2023). Next, middle layers handle reasoning and task-specific
processing (Luo et al., 2025; Wang et al., 2025). Finally, late layers map latent representations
to discrete tokens (Chuang et al., 2024; Zhang et al., 2024). This layered specialization
suggests that, while encoder-decoder architectures explicitly define encoding and decoding
components, decoder-only models might implicitly develop a similar structure through
training. To reflect their roles, we refer to these layers as encoding, thinking, and decoding
layers, respectively, as illustrated in Figure 1 (left). Notably, these functional stages are
not defined by sharp boundaries; instead, they form a functional continuum where the
representations undergo a gradual phase transition across the model’s depth. For our
implementations, we empirically set the layer boundaries between these stages.
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Figure 1: Vanilla next token prediction vs. direct multi-token decoding.

This three-stage functional organization mirrors the cognitive sequence of human com-
munication, where reading and thinking serve as the precursors to writing. However, a
fundamental discrepancy in efficiency remains: while humans can produce an extended
sequence of words from a single act of reading and thinking, current LLMs must re-traverse
the entire encoding and thinking layers for every individual token. This leads us to wonder:
could LLMs similarly execute these layers only once to support the decoding of multiple
future tokens? This hypothesis is supported by layer-skipping studies (Luo et al., 2025; Zeng
et al., 2023; Tan et al., 2024), which indicate that computational redundancy exists within
the transformer’s pipeline. The presence of such redundancy suggests that the encoding
and thinking layers can be tasked with more than just predicting the next token. Instead
of simply discarding this redundancy, we could leverage it to encapsulate more future
information into hidden states, thereby enabling efficient multi-token decoding.

In this work, we propose Direct Multi-Token Decoding (DMTD), which reuses the late
layers to directly decode multiple tokens. Unlike the vanilla decoder-only transformer that
generates tokens one by one through full forward passes, the proposed DMTD operates in
fixed multi-token cycles. Figure 1 (right) demonstrates the generation pipeline of DMTD in
a single cycle. DMTD performs only one full forward pass at the beginning of the cycle and
then reuses the late layers to decode multiple tokens consecutively. This cyclic configuration
transforms the irregular computational redundancy observed in pre-trained LLMs (Luo
et al., 2025; Zeng et al., 2023) into a structured, periodic pattern that enables efficient multi-
token decoding. Unlike existing multi-token prediction methods, DMTD introduces no
extra computation (Li et al., 2024a;b; 2025; Liu et al., 2024), auxiliary LM heads (Cai et al.,
2024), or post-generation verification like speculative decoding (Leviathan et al., 2023).
Nevertheless, because the directly decoded tokens naturally serve as drafts, DMTD remains
fully compatible with speculative decoding, where these tokens can be further verified
against the full model to guarantee identical output distribution.

We evaluated Direct Multi-Token Decoding (DMTD) across various benchmarks. By repur-
posing the final 8 layers of the 36-layer Qwen3-4B (Yang et al., 2025) to decode 4 tokens per
cycle, DMTD preserves 95.9% of the original performance while achieving up to a 2.15x

inference speedup. Furthermore, our observations indicate that DMTD’s effectiveness scales
favorably with model size and training data, suggesting a promising trajectory for larger
architectures and more extensive training. Together, these results point to a new perspective
on efficient decoding: rather than making each forward pass faster, DMTD reduces how
often the model needs to read and think at all—a gain that comes not from speculating the
model’s outputs, but from making fuller use of what it has already computed.
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2 Method

In this section, we present the training and infer-
ence processes of the proposed direct multi-token
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2.1 Parallel Training with Cyclical Masking

We propose a cyclical masking strategy to unify
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parts of the sequence intentionally, which directs the
model to focus on predicting different future posi-
tions without needing separate sequences (Li et al.,
2024a; Cai et al., 2024; Liu et al., 2024). We define the Figure 2: DMTD training pipeline with a
cycle length of multi-token decoding as 7. Figure 2 ~ cycle length of 3.

illustrates the training pipeline for T = 3. Given an

input sequence x = xp, X1, ..., X, and cycle length 7,

the training process consists of three phases:

Encoding Layers: We first obtain the initial token embeddings from the input sequence
using the embedding layer: ho,,;, = Embed(x). These embeddings are then processed by
the encoding layers to produce the encoding representations henc:

hene = EncodingLayers (hepp )- (1)

Thinking Layers: The encoding representations henc are further refined through the thinking
layers to generate thinking representations hyiny:

hyhink = ThinkingLayers(henc). ()

Decoding Layers with Masking: Our training approach uses a masking strategy to simulate
different execution paths within a single forward pass. A mask is applied based on the cycle
length T to selectively combine the input embeddings h,,, and thinking representations
hyink. For position indices p = {0,1,...,n — 1}, we create a binary pattern mask M where:

_[1 ifp;mod T =0,
i {0 otherwise. ®)
For example, with a cycle length of T = 3, the masking pattern becomes
[1,0,0,1,0,0,1,0,0,...]. The masked hidden states are then computed as follows:
hinasked = hemb + Rthink © M. 4)

Alternatively, we can also leverage the encoding representations hene for multi-token de-
coding by using henc instead of hepy, to compute hy,a5eq. Under this setting, we reuse the
encoding layers as well as the decoding layers for multi-token decoding.

The resulting masked hidden states hy,,gkeq are then processed through the decoding layers
and the LM head to obtain the output logits z:

z = LMHead (DecodingLayers(hysked))- 5)
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Figure 3: Cyclical refilling with a cycle length of 3. There are three blocks within each column,
representing the early, middle, and late layers. Blocks with the same color are computed in the same
forward pass. The numbers on the blocks represent the index of the forward pass.

Finally, we will simply use the vanilla next token prediction loss for optimization:

n—1

1
L = . ;3 CrossEntropy(z;, xj1)- (©)

1

Although we use the vanilla next-token prediction loss, the masking strategy enables the
model to learn predictions for multiple future tokens. This differs from methods like
Medusa (Cai et al., 2024) or DeepSeek-V3 (Liu et al., 2024), which rely on multiple execution
paths for multi-token prediction: each path has its own module and its own cross-entropy
loss against targets shifted further into the future. DMTD instead simply learns all n
predictions within a single sequence.

2.2 Multi-token decoding with cyclical KV refilling

The proposed DMTD performs decoding in fixed multi-token cycles, leveraging the special-
ized roles of the late layers to generate multiple tokens efficiently. In each cycle, the first
forward pass processes the input through all layers, while subsequent forward passes within
the cycle use only the late layers. However, as generation progresses, skipping the early
and middle layers results in missing entries in the key-value cache (KV-cache) (Pope et al.,
2023), which stores intermediate representations the attention module needs for subsequent
generation. These missing KV cache entries can degrade the quality of new tokens due
to incomplete context. To address this, we introduce a cyclical KV refilling strategy that
restores missing KV cache entries from previous cycles.

Figure 3 outlines the decoding process of our method. Consider an input context of tokens
X0, X1, X2, X3, X4. The process begins by forwarding all the input context through the early,
middle, and late layers for prefilling, which also generates the first output token xs. In the
subsequent decoding stage of this cycle, the model forwards x5 through only the late layers
to produce x¢, and then forwards x4 through the late layers to generate xy. This completes
the first cycle, which involves three forward passes in total. At the start of the second
cycle, our model forwards x5, x4, x7 together through the early and middle layers to refill
the KV cache for x5 and xg, while only x7 is processed through the late layers to generate
xg. This refilling mechanism ensures that the full context remains available for generation,
eliminating the need for speculative decoding methods to mitigate error propagation.

It can be observed that the overall computational load of the proposed DMTD is the same as
the vanilla transformer. Therefore, how can our method achieve faster inference? The reason
lies in the memory-bound nature of large language model (LLM) inference (Leviathan et al.,
2023; Li et al., 2024a; Cai et al., 2024). In this scenario, GPU computational resources are
underutilized, and inference speed depends primarily on the number of modules processed
rather than the total computational volume (Recasens et al., 2025). Speculative decoding
exploits the same property, but it does so by spending additional computation on drafting
and verification in exchange for fewer sequential forward passes (Leviathan et al., 2023).
DMTD requires no such trade: by processing fewer layers per token, it accelerates inference
while keeping the computational load identical to that of a vanilla transformer.
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Model ARC-E ARC-C WinoGrande GSM8K CoQA MBPP+ Overall

Vanilla  0.934 0.922 0.657 0.907 0.805 0.669 100.0%
C2 0.930 0.897 0.701 0.901 0.798 0.693 100.9%
C3 0.921 0.886 0.673 0.889 0.780 0.698 99.4%
C4 0.916 0.881 0.652 0.866 0.749 0.627 95.9%
Cé 0.872 0.801 0.601 0.500 0.672 0.536 81.7%

Table 1: The influence of different cycle lengths. CT denotes a decoding cycle of T tokens. The overall
score reflects the average relative performance compared to the vanilla Qwen3-4B (Yang et al., 2025).

3 Experiments

3.1 Implementation details

We implement DMTD using the pre-trained Qwen3-4B (36 layers) (Yang et al., 2025), reusing
the final 8 layers for multi-token decoding with a default cycle length of T = 3. The model is
fine-tuned on the AM-Thinking-v1-Distilled dataset (Tian et al., 2025) for 1 epoch. Training

is conducted using the AdamW optimizer with a learning rate of 1 x 107, 8; = 0.9, and
B2 = 0.95. We employ a cosine learning rate scheduler with a 0.1 warmup ratio and a global
batch size of 128. Due to resource constraints, both training and evaluation are conducted
with a maximum context length of 4096 tokens.

We assess our method on ARC-Easy, ARC-Challenge (Clark et al., 2018), WinoGrande (Sak-
aguchi et al., 2021), GSM8K (Cobbe et al., 2021), CoQA (Reddy et al., 2019), and MBPP+ (Liu
et al., 2023). ARC (Clark et al., 2018) examines knowledge and reasoning through grade-
school science questions. WinoGrande (Sakaguchi et al., 2021) tests commonsense reasoning
with adversarial Winograd schema challenges. GSM8K (Cobbe et al., 2021) evaluates multi-
step mathematical reasoning using grade-school word problems. CoQA (Reddy et al., 2019)
measures conversational question-answering skills, including coreference and pragmatic
reasoning. MBPP+ (Liu et al., 2023) is an enhanced variant of MBPP that evaluates code
generation on programming tasks. We apply 4-shot prompting for GSM8K, while the others
are evaluated in a zero-shot setting. We utilize the think mode (Yang et al., 2025) with
chain-of-thought (CoT) prompting (Wei et al., 2022) for all benchmarks except CoQA, which
does not require deep reasoning. All tasks involve continuous generation to assess the
multi-token decoding capability of the proposed method.

3.2 Decoding cycle length

We evaluate the performance of DMTD across various cycle lengths using a default setup
with 8 decoding layers. Table 1 shows the results, with each model using a consistent cycle
length for both training and evaluation. All generations are performed directly without
post-verification.

As shown in Table 1, our proposed method performs effectively for cycle lengths up to 4,
with performance gradually declining as the cycle length increases. However, performance
noticeably drops beyond this point, falling to 81.7% at a cycle length of 6. We hypothesize
that this decline results from the limited dimensionality of the hidden states, which restricts
their capacity to capture sufficient information about future tokens, thus hindering effective
long-range multi-token generation. Full-scale pre-training of the proposed method on larger
models could potentially support longer prediction horizons.

3.3 Impact of encoding and decoding layer allocation

We investigate the relative importance of encoding and decoding layers in DMTD by
evaluating three reuse budgets: 4, 8, and 16 layers. All experiments are conducted with
a cycle length of T = 3. As shown in Table 2, the results indicate that decoding layers
are essential for effective multi-token decoding. Configurations reusing only encoding
layers (ExDO) yield suboptimal performance, reaching only 77.9% even with a 16-layer



Published as a conference paper at COLM 2026

Setting ARC-E ARC-C  WinoGrande GSM8K CoQA MBPP+ Overall

Vanilla  0.934 0.922 0.657 0.907 0.805 0.669 100.0%
Reuse 4 Layers

E4D0 0.412 0.364 0.517 0.048 0.532 0.005 39.1%

E2D2 0.919 0.878 0.663 0.878 0.793 0.645 97.7%

EOD4 0.918 0.882 0.665 0.889 0.758 0.638 97.1%
Reuse 8 Layers

E8DO 0.540 0.470 0.497 0.194 0.604 0.061 48.3%

E4D4 0.922 0.876 0.670 0.890 0.808 0.683 99.4%

EOD8 0.921 0.886 0.673 0.889 0.780 0.698 99.4%
Reuse 16 Layers

El6D0  0.741 0.609 0.535 0.544 0.717 0.614 77.9%

E8DS8 0.921 0.890 0.683 0.898 0.812 0.679 100.1%

EOD16  0.928 0.898 0.685 0.907 0.802 0.685 100.5%

Table 2: Impact of layer allocation on performance. ExDy denotes a configuration with x encoding
layers and y decoding layers reused.

I vanilla c2 c3 ca

Batch Size

Figure 4: Inference speedup of DMTD (E0DS) over vanilla Qwen3-4B on a single A100-40GB GPU,
across batch sizes and cycle lengths, with a fixed generation length of 1024 tokens.

budget. Increasing the encoding capacity alone cannot compensate for the absence of late-
stage decoding layers in multi-token prediction. In contrast, prioritizing decoding layers
(EODy) consistently improves performance. Furthermore, balanced allocations (e.g., ESD8)
achieve results comparable to purely decoding-focused ones, suggesting that both layer
types contribute effectively once a sufficient decoding foundation is established.

3.4 Inference speedup

To evaluate inference efficiency, we compare the default DMTD configuration (reusing
the last 8 layers) against the vanilla Qwen3-4B baseline. All measurements are conducted
on a single NVIDIA A100-40GB GPU using a static input and generation length of 1024
tokens. As illustrated in Figure 4, our method achieves substantial throughput gains that
scale with the cycle length. For instance, with a cycle length of 4, DMTD provides a 2.15x
speedup at a batch size of 1. Notably, because all samples follow identical execution paths,
this synchronous configuration is more robust to batch-size scaling than asynchronous
approaches. Even as the system transitions toward a compute-bound state at larger batch
sizes, DMTD still maintains a 1.77 x speedup at batch size 8.

3.5 Scaling analysis

We first investigate the scaling behavior of DMTD as a function of training data volume
and model size, using the default EOD8 configuration with a cycle length of 3 (T = 3). As
illustrated in Figure 5, there is a consistent decrease in cross-entropy loss as the volume
of training data increases across all model sizes (Qwen3-0.6B, 1.7B, and 4B). The x-axis
represents the number of training tokens (in billions) on a logarithmic scale, while the y-axis
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ARC Wino. GSM8K CoQA MBPP+ Overall

Qwen3-0.6B
Vanilla 0.750 0.499 0.751 0.706 0.466 100%
Ours 0.625 0489 0.532 0.550 0.296 79.4%

Qwen3-1.7B
Vanilla 0.881 0.566 0.828 0.776 0.598 100%
Ours 0.814 0.540 0.716 0.715 0473 89.6%

101 10°

Number of Tokens (B) Qwen3'4B
. _ Vanilla 0.928 0.657 0.907 0.805 0.669 100%
Figure 5: Scaling law of DMTD dur- Ours 0904 0.673 0.889 0.780 0.698 99.4%

ing training.

Table 3: DMTD performance across different model sizes.

shows the cross-entropy loss. These trends closely approximate log-linear relationships,
suggesting that the multi-token prediction capability of DMTD scales predictably. While
our current experiments are limited to fine-tuning on a 1.5B token dataset, these scaling
curves indicate that large-scale continued pre-training, followed by post-training alignment,
could further unlock the potential of this architecture.

The impact of model capacity on downstream task performance is further detailed in
Table 3. We observe that larger models benefit more from our method. Specifically, the
Qwen3-4B model maintains 99.4% of the vanilla performance, whereas the smaller Qwen3-
0.6B model retains only 79.4%. We hypothesize that the increased parameter count and
higher dimensionality of larger models provide the necessary representational capacity to
encapsulate rich anticipatory information for multiple future tokens. These results suggest
that DMTD might be more suited for large-scale LLMs.

3.6 Compatibility with speculative decoding

Speculative decoding (Leviathan et al., 2023) accelerates autoregressive generation by in-
troducing a lightweight draft model that efficiently produces multiple tokens. These draft
tokens are then verified against a slower target model in a single forward pass: tokens
consistent with the target distribution are accepted, while rejected ones are resampled. The
procedure preserves the target model’s output distribution exactly, so the generated text
matches vanilla decoding while requiring fewer full forward passes. This could provide
essential acceleration in a memory-bound decoding scenario.

In this subsection, we demonstrate that the proposed DMTD is compatible with speculative
decoding and can operate as a self-speculative decoder, serving as both the draft model
and the target model. The late layers of DMTD naturally act as the draft model: tokens
produced by forwarding only through these layers can be treated as draft tokens. During
cyclical KV refilling, the previous cycle’s tokens are forwarded through the early and middle
layers; continuing this pass through the late layers and the Im-head as well yields the target
distribution at every drafted position. The target distribution is then used to verify the draft
tokens, accepting those that match and rejecting the rest.

Beyond this basic draft-then-verify pipeline, how the draft tokens are organized and how
verification is carried out admit several designs. The simplest is linear verification (Leviathan
et al., 2023), which checks a single chain of draft tokens and stops at the first rejection. Tree
verification (Li et al., 2024a) instead keeps several candidate continuations under a shared
attention mask, so a rejection need not discard the entire block and the longest accepted
path can be selected. Medusa-style verification (Cai et al., 2024) further builds a fixed sparse
tree from the top-k candidates at each drafted position and replaces rejection sampling with
a typical acceptance criterion. As shown in Table 4, we incorporate these methods into
DMTD for speculative decoding and evaluate the resulting speedups under an inference
batch size of 1. Although these methods work well with DMTD, we emphasize that
speculative decoding is not the intended use of DMTD; the results are reported only to
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Method GSM8K  HumanEval(2021) MT-Bench( 2023)
Vanilla 1.00x 1.00x 1.00x
DMTD 2.07 x 2.05x% 2.05x%
DMTD + linear SD 1.82x 1.81x 1.47x
DMTD + tree SD 1.92x 1.94x 1.64x
DMTD + Medusa 2.06 % 1.96x 1.58x

Table 4: Speedup of DMTD with speculative decoding.

Setting ARC-E ARC-C WinoGrande GSM8K CoQA MBPP+ Overall
Vanilla 0.934 0.922 0.657 0.907 0.805 0.669 100.0%
DMTD 0.921 0.886 0.673 0.889 0.780 0.698 99.4%
Frozen-E&T  0.326 0.300 0.388 0.023 0.774 0.005 37.7%

Table 5: Performance comparison between DMTD and the Frozen-E&T baseline, where encoding and
thinking layers are kept fixed during training.

show compatibility in cases where the output distribution of the original model must be
preserved.

3.7 Is DMTD merely layer skipping? A mechanistic study

While the previous results demonstrate the efficacy of DMTD, the source of its performance
gains remains to be clarified. Specifically, we investigate whether the encoding and thinking
layers learn to predict anticipatory information about future tokens. Alternatively, the late
layers might already possess enough capacity to generate tokens even when initial stages
are skipped. In this case, our specialized training would be unnecessary, and DMTD would
simply be exploiting the late layers for generation.

To distinguish between these two hypotheses, we conduct a control experiment using a
"Frozen-E&T” setting. We freeze the parameters of all encoding and thinking layers and
fine-tune only the final 8 decoding layers. Under the EOD8 configuration with a cycle
length of 3, the early stages are restricted to their original representations. This forces the
decoding layers to attempt multi-token prediction without any specialized anticipatory
information from the preceding layers. As summarized in Table 5, the Frozen-E&T setting
results in a catastrophic performance collapse on nearly all benchmarks, particularly those
requiring complex reasoning. CoQA remains the sole exception as it only involves short-
form generation that does not require complex reasoning. This confirms that the encoding
and thinking layers learn to encapsulate future information to enable multi-token decoding.

3.8 Generalization on different models

To verify that DMTD is not specific to the Qwen3 architecture, we extend our method to
Llama-3.1-8B-Instruct, Llama-3.2-3B-Instruct (Grattafiori et al., 2024), and OLMo-2-1124-7B-
Instruct (OLMo et al., 2024). For each model, we adopt the same E0D8 configuration with a
cycle length of 4, fine-tuning on the OpenPerfectBlend dataset (Xu et al., 2024) dataset. As
summarized in Table 6, DMTD generalizes consistently across all three models, retaining
97.5%, 95.6%, and 96.0% of vanilla performance on average, respectively. These results
demonstrate that DMTD is compatible with other decoder-only architectures.

3.9 Adaptive multi-token decoding

We extend DMTD with an adaptive mechanism to dynamically determine layer skipping
within each cycle. While the first token of each cycle always undergoes a full forward pass,
subsequent tokens are routed based on a linear projection of their hidden states followed
by a sigmoid activation. If the resulting score exceeds 0.5, the model executes the encoding
and thinking layers; otherwise, it skips directly to the decoding layers. To encourage



Published as a conference paper at COLM 2026

ARC-E ARC-C Wino. GSM8K CoQA MBPP+ Overall

Llama-3.1-8B-Instruct
Vanilla 0.947 0.869 0.646 0.843 0.780 0.725 100%
Ours 0.920 0.842 0.647 0.825 0.782  0.672 97.5%

Llama-3.2-3B-Instruct
Vanilla 0.903 0.806 0.579 0.775 0.792  0.511 100%
Ours 0.867 0.761 0572 0.749 0.774  0.460 95.6%

OLMo-2-7B-Instruct
Vanilla 0.887 0.759 0563 0.770 0.794 0.474 100%
Ours 0.874 0.726 0558 0.733 0.780 0.423 96.0%

Table 6: DMTD generalization across models, trained on OpenPerfectBlend with a cycle length of 4.

Setting ARC-E ARC-C WinoGrande GSM8K CoQA MBPP+ Overall

Vanilla 0.934 0.922 0.657 0.907 0.805 0.669 100.0%
C2 0.930 0.897 0.701 0.901 0.798 0.693 100.9%
C4 0.916 0.881 0.652 0.866 0.749 0.627 95.9%
Adaptive  0.932 0.899 0.706 0.902 0.801 0.678 100.8%

Table 7: Performance of adaptive multi-token decoding compared to fixed cycle lengths.

computational efficiency, we apply an L; regularization penalty (1 x 10~3) to the sigmoid
scores during training, biasing the model toward skipping.

Under the EOD8 configuration with a training cycle length of 4, the adaptive router results
in approximately 50.8% of tokens undergoing a full forward pass. This corresponds to an
effective average cycle length of 2. As shown in Table 7, this dynamic approach outperforms
the fixed T = 4 baseline and achieves performance comparable to the fixed T = 2 setting,
which shares a similar 50% full-pass ratio. These results suggest that the model can learn to
allocate computational resources on a per-token basis, leveraging the encoding and thinking
layers only when necessary to maintain generation quality.

4 Related works

4.1 Large language models

Initially, the Transformer architecture (Vaswani et al., 2017) adopted an encoder-decoder
structure for sequence-to-sequence modeling, where the encoder uses bidirectional atten-
tion to understand the input context, and the decoder applies causal attention for token
generation. In contrast, decoder-only models, such as the GPT series (Brown et al., 2020;
Ouyang et al., 2022), emerged to prioritize generative tasks by relying solely on causal
self-attention. Recent studies reveal that decoder-only models implicitly develop a three-
layer functional specialization during training, mirroring an encoding-thinking-decoding
pipeline. Early layers focus on syntactic and semantic encoding, transforming raw inputs
into a stable embedding space critical for contextual understanding (Sun et al., 2025). Mid-
dle layers handle reasoning and task-specific abstraction, compressing information and
enabling complex processing, such as multi-step reasoning, with greater robustness to layer
manipulation (Skean et al., 2025). Late layers specialize in token-level predictions, refining
representations for generation but often discarding broader contextual features (Sun et al.,
2025; Skean et al., 2025). Mixture-of-Depths (MoD) () demonstrates that, with large-scale
pre-training, we can use a router to skip the redundant layers in transformers. Furthermore,
FlexiDepth (Luo et al., 2025; Men et al., 2025) demonstrates that these layers exhibit varying
sparsity in a bowl-like pattern. However, they represent irregular skipping patterns, which
are difficult to provide acceleration in memory-bound scenarios. These findings inspired our
Direct Multi-Token Decoding (DMTD) method, which leverages this layer specialization by



Published as a conference paper at COLM 2026

cyclically reusing late layers to efficiently generate multiple tokens, repurposing redundant
computations in pre-trained LLMs without additional components.

4.2 Multi-token prediction

To accelerate inference in decoder-only models, recent works have explored multi-token
prediction techniques that enable parallel generation of multiple tokens, addressing the
memory bottlenecks of autoregressive decoding (Leviathan et al., 2023). Early approaches,
such as speculative decoding (Leviathan et al., 2023), leverage smaller draft models to
propose multiple candidate tokens in parallel, verifying them against the target LLM to
achieve speedups without altering output distributions. Building on this, methods like
MTP (Gloeckle et al., 2024) and Medusa (Cai et al., 2024) introduce multiple decoding
heads on top of the LLM to predict several subsequent tokens simultaneously. The EAGLE
series (Li et al., 2024a;b; 2025) rethinks speculative sampling at the feature level, resolving
uncertainty in intermediate representations by advancing token sequences. BiTA (Lin et al.,
2025) introduces prefix and mask embeddings with bidirectional tuning to enable multi-
token generation without a separate draft model, while Speculative Streaming (Bhendawade
et al., 2024) attaches lightweight stream embeddings to the target model itself to draft
multiple future tokens, eliminating the need for an auxiliary draft model altogether.

More fundamentally, the methods above share a “generate-then-correct” philosophy: an
inexpensive, imprecise mechanism proposes candidate tokens, and correctness is restored
post-hoc through verification and rejection sampling. DMTD instead explores an orthogo-
nal “think-then-generate” philosophy, where reliability is established upfront rather than
corrected afterward. Our preliminary adaptive variant (Section 3.9) takes a first step in this
direction by allowing the cycle length to vary rather than remain fixed a priori; however, it
still lacks a principled mechanism for the model to explicitly perceive how many tokens it
can safely decode in the current cycle. We view this as an early step and hope it inspires
more refined mechanisms for adaptive, verification-free multi-token decoding.

5 Limitations

Since the pre-training dataset of Qwen3 is not publicly available (Qwen3 utilizes a large-
scale training dataset consisting of approximately 36 trillion tokens. We only used 1.5B
tokens), we were unable to conduct full continual training on the complete dataset to assess
the performance of a fully developed DMTD. As shown in Figure 5, its performance is
expected to further improve with access to additional training data. Overall, DMTD offers a
simple paradigm that merits further investigation, particularly in regimes where speculative
decoding becomes harder to exploit. Even recent speculative decoding methods such as
DFlash (Chen et al., 2026) and DSpark (Cheng et al., 2026) may see reduced efficiency
in Mixture-of-Experts (MoE) architectures under large batch sizes and dispersed expert
routing (Qian et al., 2026; Kumar et al., 2026). DMTD performs no rollback and introduces
no computation beyond that of a vanilla transformer, and all sequences in a batch follow an
identical execution path, so it could be a good alternative in this setting. A systematic study
of this behavior is left to future work.

6 Conclusion

In this work, we introduce Direct Multi-Token Decoding (DMTD), a paradigm that enables
sustained multi-token generation without introducing additional parameters or requiring
post-generation verification, as is the case with speculative decoding. Instead, DMTD
leverages the inherent redundancy present in pre-trained LLMs and repurposes it into
fixed cycles of multi-token generation. Our experimental results demonstrate not only the
feasibility of this approach but also suggest that its performance can further improve with
larger training datasets, opening a promising new direction for accelerating LLM inference.
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