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ABSTRACT

Decoder-only transformers have become the standard architecture for large language models
(LLMs) due to their strong performance. Recent studies suggest that, in pre-trained LLMs,
early, middle, and late layers may serve distinct roles: Early layers focus on understanding the
input context, middle layers handle task-specific processing, and late layers convert abstract rep-
resentations into output tokens. We hypothesize that once representations have been processed
by the early and middle layers, the resulting hidden states may encapsulate sufficient informa-
tion to support the generation of multiple tokens using only the late layers, eliminating the need
to repeatedly traverse the early and middle layers. We refer to this inference paradigm as Di-
rect Multi-Token Decoding (DMTD). Unlike speculative decoding, our method introduces no
additional parameters, auxiliary routines, or post-generation verification. Despite being trained
on a limited dataset, a fine-tuned DMTD Qwen3-4B model has already demonstrated promising
results, achieving up to a 2× speedup with only minor performance loss. Moreover, as shown in
our scaling analysis, its performance is expected to further improve with larger training datasets.

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 processed input sequences for natural language understanding (NLU) and the decoder produces outputs
for natural language generation (NLG). In this setup, the context was encoded once and repeatedly attended to
during decoding. Subsequently, decoder-only architectures (Brown et al., 2020; Touvron et al., 2023; Guo et al.,
2025) have become the mainstream due to their simplicity and better scaling with training data. It leverages
masked self-attention to process sequences causally, enabling efficient parallel computation during training and
supporting versatile multi-task processing through prompting.

Recent studies reveal that decoder-only transformers may exhibit specialized functional roles across their lay-
ers (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 pro-
cessing (Luo et al., 2025; Wang et al., 2025). Finally, late layers generate token-level predictions (Chuang et al.,
2024; Zhang et al., 2024). This layered specialization suggests that, while encoder-decoder architectures explic-
itly define encoding and decoding components, decoder-only models might implicitly develop a similar structure
through training. To reflect their roles, we refer to these stages hypothetically as encoding, thinking, and decoding
layers, respectively, as illustrated in Figure 1 (left), though there are no clear boundaries between these layers.

This implicit functional specialization also highlights potential inefficiencies in LLM’s layer utilization. For in-
stance, methods like FlexiDepth (Luo et al., 2025) have demonstrated that many layers can be dynamically skipped
without significantly degrading performance. While LLMs utilize nearly all layers generating tokens that require
complex computation, they can skip a substantial number of middle layers for simpler tasks like string copy. This
finding aligns with intuition, as the difficulty to generate different tokens inherently varies. It indicates that spare
computational cycles exist within the transformer’s pipeline. This phenomenon motivated us to wonder: Could
such underutlization be repurposed — that is, to encapsulate more information about future tokens in the current
hidden states, and then allow subsequent tokens to attend to them through the decoding layers only, where multiple
tokens can be generated?

In this work, we propose Direct Multi-Token Decoding (DMTD), which reuses the late layers to directly de-
code 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 gen-
eration pipeline of DMTD in a single cycle. DMTD performs only one full forward pass at the beginning of the
cycle and then reuses the later layers to decode multiple tokens consecutively. This cycle-based setting transforms
the irregular computational redundancies observed in pre-trained LLMs into a fixed periodical pattern for efficient
decoding. DMTD has a minimum design; It does not introduce extra layers (Li et al., 2024a;b; 2025; Liu et al.,
2024), adapters (Luo et al., 2025), LM heads (Cai et al., 2024), or post-processing routines like speculative de-

1



058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115

Under review as a conference paper at ICLR 2026

Middle Layers
(Thinking)

Early Layers
(Encoding)

Middle Layers
(Thinking)

Late Layers
(Decoding)

LM-Head LM-Head

Late Layers
(Decoding)

Early Layers
(Encoding)

Vanilla Direct Multi-token Prediction

Figure 1: Vanilla next token prediction vs. Direct Multi-Token Decoding.

coding (Leviathan et al., 2023; Li et al., 2024a). After training, it simply reuses the same neural network from the
original model for support multi-token decoding.

To support direct multi-token decoding, we trained the proposed DMTD in an end-to-end manner with all param-
eters tunable. The training initializes parameters from a pre-trained LLM and then fine-tunes on approximately
1.5B tokens. We found that through fine-tuning, our method can support sustained multi-token prediction with
minor performance degradation. Furthermore, our scaling experiments demonstrate that the performance of our
method improves continuously with increasing training data. As such, performing large-scale continued pre-
training followed by post-training methods (Guo et al., 2025; Ouyang et al., 2022) would be an effective approach
to fully exploit the potential of this architecture.

We evaluated the proposed direct multi-token decoding across various benchmarks. By reusing the last 8 layers
of the 36-layer Qwen3-4B (Yang et al., 2025) and decoding two tokens per cycle, DMTD maintains 100% of
the original performance relative to the vanilla model. This performance retention remains strong at 98.4% for
three-token decoding cycles and 96.3% for four-token decoding cycles. This cycled decoding approach reduces
the total number of layers traversed during forward passes, enabling up to a 2× speedup in inference time with a
cycle length of 4. We further observe that DMTD demonstrates relatively better performance on larger language
models, suggesting promising directions for future exploration of its scalability on even larger architectures. To
facilitate further research, we will open-source our models and code.

2 METHOD

In this section, we present the training and inference processes of the proposed direct multi-token decoding
(DMTD). During training, we use a cyclical masking strategy to enable efficient learning of multiple future tokens.
During inference, decoding proceeds sequentially across cycles, incorporating a cyclical refilling mechanism to
recover missing KV cache entries, thereby supporting sustained generation without speculative decoding.

2.1 PARALLEL TRAINING WITH CYCLICAL MASKING

We propose a cyclical masking strategy to unify multi-token predictions within a single sequence during training.
In standard next-token prediction, models learn to forecast one token at a time based on the preceding sequence.
For multi-token prediction, our approach extends this by enabling the model to learn multiple future tokens simul-
taneously, all from the same input sequence. It does so by masking specific parts of the sequence intentionally,
which directs the model to focus on predicting different future positions without needing separate sequences (Li
et al., 2024a; Cai et al., 2024; Liu et al., 2024). We define the cycle length of multi-token decoding as τ . Figure 2
illustrates the training pipeline for τ = 3. Given an input sequence x = x0, x1, . . . , xn and cycle length τ , the
training process consists of three phases:

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

henc = EncodingLayers(hemb) (1)
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Figure 2: DMTD training pipeline with a cy-
cle length of 3. The method requires no ad-
ditional parameters and uses a single forward
pass with masking to enable multi-token pre-
diction training.

Thinking Layers: The encoding representations henc are further
refined through the thinking layers to generate thinking represen-
tations hthink:

hthink = ThinkingLayers(henc) (2)

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
τ to selectively combine the input embeddings hemb and thinking
representations hthink. For position indices p = {0, 1, . . . , n− 1},
we create a binary pattern mask M where:

mi =

{
1 if pi mod τ = 0

0 otherwise
(3)

For example, with a cycle length of τ = 3, the masking pattern
becomes [1, 0, 0, 1, 0, 0, 1, 0, 0, . . .]. The masked hidden states are
then computed as follows:

hmasked = hemb + hthink ⊙M (4)

Alternatively, we can also leverage the encoding representations
henc for multi-token decoding by using henc instead of hemb to
compute hmasked. Under this setting, we will reuse the encoding
layers as well as the decoding layers for multi-token decoding.

The resulting masked hidden states hmasked are then processed
through the decoding layers and the LM head to obtain the out-
put logits z:

z = LMHead(DecodingLayers(hmasked)) (5)

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

L =
1

n

n−1∑
i=0

CrossEntropy(zi, xi+1) (6)

Although we use the vanilla next-token prediction loss, the masking strategy enables the model to learn predictions
for multiple future tokens. This paradigm differs from earlier approaches (Gloeckle et al., 2024; Cai et al., 2024;
Liu et al., 2024), which rely on multiple divergent execution paths for multi-token prediction. In those methods,
separate sequences and cross-entropy losses are necessary for optimization, leading to high GPU memory usage
due to storing and processing multiple sequences. Our method unifies these paths into one sequence through cycli-
cal masking and hidden state reuse, eliminating redundant computations by reusing shared prefix representations
across all prediction levels.

2.2 MULTI-TOKEN DECODING WITH CYCLICAL REFILLING

Direct multi-token decoding aims to avoid the step of post-generation verification required by speculative decod-
ing (Leviathan et al., 2023; Li et al., 2024a). It performs decoding in fixed multi-token cycles, leveraging the
specialized 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) for the early and middle layers, 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 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 x5 and serves as the initial forward pass of the first generation cycle.
In the subsequent decoding stage of this cycle, the model forwards x5 through only the late layers to produce
x6, and then forwards x6 through the late layers to generate x7. This completes the first cycle, which involves
three forward passes in total. At the start of the second cycle, our model forwards x5, x6, x7 together through the
early and middle layers to refill the KV cache for x5 and x6, while only x7 is processed through the late layers to
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Figure 3: Cyclical refilling for multi-token decoding 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.

generate x8. Similarly, x8 and x9 are forwarded through only the late layers in the second cycle, with their KV
cache refilled in the subsequent cycle. This refilling mechanism ensures that the full context remains available for
generation, eliminating the need for speculative decoding methods to mitigate error propagation.

We can find 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 pro-
cessed rather than the total computational volume (Recasens et al., 2025). For instance, on modern GPUs, forward-
ing three tokens through 32 transformer layers takes roughly the same time as forwarding one token through the 32
layers. In contrast, forwarding one token through 64 layers requires approximately twice the time as forwarding
one through 32 layers (Pope et al., 2023; Li et al., 2020). This memory-bound characteristic also explains why
speculative decoding achieves speedup despite additional computations for drafting and verification (Leviathan
et al., 2023). By processing fewer layers per token, DMTD capitalizes on this property to accelerate inference,
even with a computational load equivalent to that of a vanilla transformer.

To quantify the efficiency of DMTD, we introduce the concept of Percentage of Layers per Token (PLT), which
measures the average number of transformer layers processed per generated token. A lower PLT indicates higher
efficiency in a memory-bound scenario. Let L denote the total number of transformer layers, with Le, Lt, and
Ld representing the number of encoding, thinking, and decoding layers, respectively. In a vanilla decoder-only
transformer, each token is processed through all layers, resulting in an average of Le + Lt + Ld = L layers per
token, yielding a PLT of 1. In DMTD, token generation occurs in cycles, each containing τ tokens. Within each
cycle, the first token is processed through all L layers, while the remaining τ−1 tokens are processed only through
the Ld decoding layers. Thus, the PLT for DMTD is:

PLT =
L+ (τ − 1)Ld

τL
=

1

τ
+

τ − 1

τ
· Ld

L
. (7)

This expression shows that the PLT of DMTD depends on the cycle length τ and the ratio Ld

L . A larger cycle length
τ or a smaller proportion of decoding layers Ld

L reduces the PLT, thereby enhancing the inference efficiency of
DMTD. More speedup will likely be expected if there are more layers in a pre-trained LLM.

3 EXPERIMENTS

3.1 IMPLEMENTATION DETAILS

We implement DMTD on the pre-trained Qwen3-4B model (Yang et al., 2025), which consists of 36 transformer
layers. To enable multi-token decoding, we reuse the latter 8 layers as decoding layers, as prior works (Sun et al.,
2025; Skean et al., 2025) and empirical studies suggest that late layers are specialized for token-level predictions.
The default cycle length is set to 3, allowing each cycle to generate 3 tokens, as illustrated in Figures 2 and 3. We
train DMTD using supervised fine-tuning (SFT) on the AM-Thinking-v1-Distilled dataset (Tian et al., 2025) for
1 epoch using the AdamW (Loshchilov & Hutter, 2019) optimizer with a learning rate of 1× 10−4, max gradient
norm of 1.0, β1 = 0.9, β2 = 0.95. We use a warmup ratio of 0.1, a cosine learning rate scheduler, and a global
batch size of 512.

We assess our method on ARC-Easy, ARC-Challenge (Clark et al., 2018), WinoGrande (Sakaguchi et al., 2021),
GSM8K (Cobbe et al., 2021), and CoQA (Reddy et al., 2019). ARC (Clark et al., 2018) examines knowledge
and reasoning through grade-school science questions. WinoGrande (Sakaguchi et al., 2021) tests common-
sense 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 conversa-
tional question-answering skills, including coreference and pragmatic reasoning. We apply 4-shot prompting for
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GSM8K, while the others are evaluated in a zero-shot setting. All the evaluations are conducted under a batch
size of 32. We utilize the think mode (Yang et al., 2025) with chain-of-thought prompt (Wei et al., 2022b) 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.
Models are trained and tested with cycle lengths of 2, 3, 4, and 6, denoted as MTD2, MTD3, MTD4, and MTD6,
respectively. 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. The overall score reflects the average
relative performance compared to the vanilla Qwen3-4B (Yang et al., 2025).

Table 1: Performance across benchmarks for different cycle lengths.

ARC-E ARC-C WinoGrande GSM8K CoQA Overall

Vanilla 0.934 0.922 0.657 0.907 0.805 100%
MTD2 0.930 0.897 0.701 0.901 0.798 100.0%
MTD3 0.921 0.886 0.673 0.889 0.780 98.4%
MTD4 0.916 0.881 0.652 0.866 0.749 96.3%
MTD6 0.872 0.801 0.601 0.500 0.672 82.1%

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, maintaining 96.3% of the vanilla model’s overall performance
at a cycle length of 4. However, performance noticeably drops beyond this point, falling to 82.1% 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

In this section, we examine the effects of varying the allocation of encoding and decoding layers in the proposed
method. This analysis aims to elucidate the relative importance of early (encoding) and late (decoding) layers in
facilitating multi-token generation. We evaluate three configurations based on the total number of layers reused
for tokens beyond the first: 4 layers, 8 layers, and 16 layers. The cycle length is fixed at 3 for all experiments. We
denote configurations as ExDy, where x represents the number of encoding layers and y the number of decoding
layers reused. Table 2 presents the performance across the benchmarks.

Table 2: Performance comparison with different allocations of encoding and decoding layers.

ARC-E ARC-C WinoGrande GSM8K CoQA Overall

Vanilla 0.934 0.922 0.657 0.907 0.805 100%

Reuse 4 Layers
E4D0 0.412 0.364 0.517 0.048 0.532 46.7%
E2D2 0.919 0.878 0.663 0.878 0.793 98.0%
E0D4 0.918 0.882 0.665 0.889 0.758 97.5%

Reuse 8 Layers
E8D0 0.540 0.470 0.497 0.194 0.604 56.2%
E4D4 0.922 0.876 0.670 0.890 0.808 98.8%
E0D8 0.921 0.886 0.673 0.889 0.780 98.4%

Reuse 16 Layers
E16D0 0.741 0.609 0.535 0.544 0.717 75.2%
E8D8 0.921 0.890 0.683 0.898 0.812 99.8%
E0D16 0.928 0.898 0.685 0.907 0.802 100.1%

The results demonstrate that at least a few decoding layers are necessary for effective multi-token decoding.
Reusing only the encoding layers (e.g., ExD0 configurations) yields suboptimal performance, reaching only 75.2%
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Figure 4: Speedup comparison.

even with 16 encoding layers (E16D0). It indicates that, once the input context is processed, scaling only the early
layers is insufficient for accurate token prediction. In contrast, configurations that emphasize decoding layers (e.g.,
E0Dy) maintain performance close to the vanilla baseline. Scaling both encoding and decoding layers produces
similar outcomes to reusing primarily decoding layers; for instance, E8D8 achieves 99.8% overall performance,
comparable to E0D16’s 100.1%.

3.4 INFERENCE SPEEDUP

To evaluate the inference efficiency, we compare the default configuration that reuses the last 8 layers against the
vanilla Qwen3-4B model. All evaluations are conducted on a single NVIDIA A100-40GB GPU, using a static
input length of 1024 tokens (randomly sampled from the vocabulary) and a generation length of 1024 tokens. We
evaluated the throughput of the proposed method with different cycle length. Table 3 reports the throughput for
these models.

Table 3: Throughput (tokens per second) comparison of our method and Qwen3-4B.

Batch=1 Batch=2 Batch=4 Batch=8

Vanilla 21.83 44.69 90.76 181.03
MTD2 31.47 61.95 126.04 214.54
MTD3 40.49 78.29 152.59 275.52
MTD4 47.04 92.75 183.16 320.12

As shown in Table 3 and Figure 4, our method achieves notable speedups, with improvements increasing with
cycle length, particularly at lower batch sizes. For example, MTD4 provides up to 2.15× speedup at batch size 1.
At lower batch sizes, these gains align with the theoretical speedup based on the Percentage of Layers per Token
(PLT) in memory-bound regimes—for instance, for MTD3, the PLT is approximately 0.48, with its inverse of 2.08
aligning with the observed 1.85× speedup. As batch size increases, the system becomes more compute-bound,
leading to reduced relative gains. For example, for MTD4, the speedup gradually drops from 2.15× at batch size
1 to 1.77× at batch size 8 compared to the vanilla model.

3.5 SCALING WITH TRAINING DATA

In this section, we investigate the scaling behavior of the proposed method as the volume of training data increases.
We conduct experiments using the E0D8MTD3 configuration across three model sizes: Qwen3-0.6B, Qwen3-
1.7B, and Qwen3-4B. Our hypothesis is that larger training datasets will lead to improved model performance, as
indicated by reductions in cross-entropy loss. Figure 4 depicts these scaling curves for the different model sizes.

The results reveal a consistent decrease in cross-entropy loss as training data increases for all model sizes, with
the trends approximating log-linear relationships. To quantify the goodness of fit, we perform linear regression
on each curve and report the slope, indicating the rate of loss reduction per order of magnitude increase in tokens,
and the coefficient of determination R2, which measures how well the linear model explains the observed loss
variations, with values closer to 1 indicating a strong fit. For the 0.6B model, the slope is -0.179 with an R2 of
0.966; for the 1.7B model, the slope is -0.191 with an R2 of 0.972; and for the 4B model, the slope is -0.178

6



348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377
378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405

Under review as a conference paper at ICLR 2026

10 1 100

Number of Tokens (B)
0.6

0.8

1.0

1.2

1.4

1.6

Lo
ss

0.6B
1.7B
4B

Figure 5: Scaling law of the proposed Direct Multi-token Decoding. The x-axis represents the number of training
tokens (in billions) on a logarithmic scale, while the y-axis shows the cross-entropy loss.

with an R2 of 0.994. The high R2 values, particularly exceeding 0.96 across all models, suggest that the loss
reduction follows a highly predictable pattern as training data scales. Given that our current experiments are
conducted with supervised fine-tuning on a limited dataset due to resource constraints, we expect that access
to larger-scale continued pre-training, followed by post-training alignment, would further enhance these trends,
potentially unlocking greater multi-token prediction capabilities on larger models.

3.6 IMPACT OF MODEL SCALE ON DIRECT MULTI-TOKEN DECODING

In this section, we evaluate the performance of the proposed method with the default E0D8 configuration and a
cycle length of 3 (E0D8MTD3) across language models of varying sizes: Qwen3-0.6B, Qwen3-1.7B, and Qwen3-
4B. This setup enables us to assess how the effectiveness of direct multi-token decoding scales with model size,
particularly in terms of maintaining performance across diverse benchmarks.

Table 4: Performance of E0D8MTD3 across different Qwen3 model sizes.

ARC-E ARC-C WinoGrande GSM8K CoQA Overall

Qwen3-0.6B
Vanilla 0.813 0.687 0.499 0.751 0.706 100%
Ours 0.687 0.562 0.489 0.532 0.550 72.6%

Qwen3-1.7B
Vanilla 0.910 0.852 0.566 0.828 0.776 100%
Ours 0.855 0.773 0.540 0.716 0.715 91.7%

Qwen3-4B
Vanilla 0.934 0.922 0.657 0.907 0.805 100%
Ours 0.921 0.886 0.673 0.889 0.780 98.4%

From the results in Table 4, we can clearly observe that, under the same configuration, larger models benefit
more from our method. For instance, the Qwen3-4B model retains 98.4% of the vanilla performance, compared
to only 72.6% for the Qwen3-0.6B model. Even though the Qwen3-0.6B and Qwen3-1.7B models have only
28 transformer layers, where reusing 8 decoding layers constitutes a larger proportion of the total architecture
(approximately 28.6%), they exhibit worse relative performance than the Qwen3-4B model with its 36 layers,
where 8 layers represent about 22.2%. We hypothesize that this is due to the increased number of parameters and
larger dimensionality in bigger models, which allow them to encode richer anticipatory information, thereby better
supporting multi-token prediction. Additionally, for transformers with more layers, reusing the same fixed number
of decoding layers results in a lower Percentage of Layers per Token (PLT) as defined in Equation 7, leading to
higher potential speedups. These results indicate that our method is particularly well-suited for larger LLMs, and
experiments on even bigger models may yield further improvements.
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3.7 INFERENCE CYCLE LENGTH

In this section, we investigate how DMTD will perform when the inference cycle length differs from the training
cycle length. Specifically, we train the model with the default E0D8MTD3 setting. During inference, we evaluate
its performance across different inference cycle lengths to assess its robustness. Table 5 presents the results.

Table 5: Performance across benchmarks for different inference cycle lengths. The notation k → z denotes
training on a cycle length of k and evaluation on a cycle length of z.

ARC-E ARC-C WinoGrande GSM8K CoQA Overall

Vanilla 0.934 0.922 0.657 0.907 0.805 100%
3 → 2 0.926 0.893 0.695 0.912 0.794 100.1%
3 → 3 0.921 0.886 0.673 0.889 0.780 98.4%
3 → 4 0.910 0.863 0.620 0.759 0.738 92.2%
3 → 5 0.867 0.809 0.572 0.400 0.716 80.1%
3 → 6 0.797 0.717 0.512 0.149 0.696 68.8%

From Table 5, we observe that the model trained with a cycle length of 3 can generalize effectively to both shorter
and longer cycle lengths, albeit with varying degrees of performance retention. At the trained length of 3, it
retains 98.4% performance, while extending to a cycle length of 4 yields 92.2%—a modest degradation that still
preserves strong capabilities across most benchmarks. However, further extension to lengths of 5, 6 results in
sharper declines, particularly evident in reasoning-intensive tasks like GSM8K. This suggests that the thinking
layers, when trained to encode anticipatory information for a cycle length of 3, possess sufficient flexibility to
support multi-token prediction across neighboring inference cycle lengths. Interestingly, this flexibility allows a
single model to dynamically adjust the inference cycle length and achieve the desired balance between speedup
and 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 attention to understand the input context, and the decoder
applies causal attention for token generation. However, the vanilla transformer supports only single-task learning,
requiring one model per task. Building upon this, Raffel et al. (2020) introduced T5, which employs a unified
text-to-text framework to handle multiple tasks within a single model using task-specific prefixes. Subsequently,
Wei et al. (2022a) proposed FLAN, which introduced the concept of instruction tuning by fine-tuning models on
diverse tasks with natural language instructions, enhancing zero-shot and few-shot performance. Currently, the
encoder-decoder architecture remains widely used in multimodal language models (Li et al., 2022; 2023; Alayrac
et al., 2022; Wang et al., 2023) and latency-sensitive applications (Zhang et al., 2025).

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, enabling scalable, prompt-driven learning
with reduced architectural complexity. These models excel in open-ended tasks like dialogue and text genera-
tion, dominating modern LLM applications (Touvron et al., 2023; Team et al., 2024; Bai et al., 2023). 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, trans-
forming raw inputs into a stable embedding space critical for contextual understanding (Sun et al., 2025). Middle
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 spe-
cialize in token-level predictions, refining representations for generation but often discarding broader contextual
features (Sun et al., 2025; Skean et al., 2025). Furthermore, Luo et al. (2025) demonstrates that these layers
exhibit varying sparsity in a bowl-like pattern, revealing computational redundancies inherent in this three-layer
functional structure. These findings inspired our Direct Multi-Token Decoding (DMTD) method, which lever-
ages this layer specialization by cyclically reusing late layers to efficiently generate multiple tokens, repurposing
underutilized 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 decod-
ing (Leviathan et al., 2023). Early approaches, such as speculative decoding (Leviathan et al., 2023), leverage
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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 Medusa (Cai et al., 2024)
introduce multiple decoding heads on top of the LLM to predict several subsequent tokens simultaneously, using
tree-based attention for verification and fine-tuning strategies to balance accuracy and efficiency. Similarly, the
EAGLE seires (Li et al., 2024a;b; 2025) rethinks speculative sampling at the feature level, resolving uncertainty in
intermediate representations by advancing token sequences. A comprehensive examination of efficient speculative
decoding for models like Llama at scale was given by (Tang et al., 2025).

In parallel, training-focused innovations incorporate multi-token prediction as an auxiliary objective, as in
DeepSeek-V3 (Liu et al., 2024), where it enhances performance in large MoE models by predicting multiple
future tokens during pre-training, or as a core loss in models trained to forecast future tokens via independent
heads (Gloeckle et al., 2024). These techniques collectively demonstrate substantial inference speedups and im-
proved generative capabilities, inspiring our DMTD to directly reuse existing late layers for cyclical multi-token
decoding, avoiding the need for auxiliary models or heads while exploiting underutilized layers.

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 contin-
ual 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. For this reason, we
do not provide a direct experimental comparison between our method and speculative decoding, leaving such an
evaluation to future work. Nevertheless, if required, speculative decoding can still be applied to the tokens gen-
erated by DMTD. Overall, DMKD offers a simple paradigm that merits further investigation, especially in the
context of MoE of experts and large batch size, where the performance of speculative decoding might decrease
with increasing batch size (Li et al., 2025; Tang et al., 2025).

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 underutilization 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.

REPRODUCIBILITY STATEMENT

To ensure the reproducibility of our results, we have provided comprehensive details throughout the paper. The
implementation details, including the model architecture, training dataset, and hyperparameters, are described in
Section 3.1. Specifically, we fine-tuned the Qwen3-4B model using the AM-Thinking-v1-Distilled dataset, with
training configurations such as the AdamW optimizer, learning rate, and batch size clearly outlined. The cyclical
masking strategy and decoding process are detailed in Sections 3.1 and 3.2, respectively, with accompanying fig-
ures (Figures 2 and 3) to illustrate the training and inference pipelines. For evaluation, we specify the benchmarks
(ARC-Easy, ARC-Challenge, WinoGrande, GSM8K, and CoQA) and their respective settings (e.g., zero-shot or
4-shot prompting) in Section 4.1. These detailed computational processes collectively enable the reproduction of
our experiments and results. Moreover, we will open source our code and checkpoints after review.

REFERENCES

Jean-Baptiste Alayrac, Jeff Donahue, Pauline Luc, Antoine Miech, and others. Flamingo: a visual language model
for few-shot learning. In Advances in Neural Information Processing Systems, 2022.

Amos Azaria and Tom Mitchell. The internal state of an LLM knows when it’s lying. In The 2023 Conference on
Empirical Methods in Natural Language Processing, 2023.

Jinze Bai, Shuai Bai, Yunfei Chu, Zeyu Cui, Kai Dang, Xiaodong Deng, Yang Fan, Wenbin Ge, Yu Han, Fei
Huang, et al. Qwen technical report. arXiv preprint arXiv:2309.16609, 2023.

Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Kaplan, et al. Language models are few-shot learn-
ers. Advances in neural information processing systems, 2020.

9



522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539
540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579

Under review as a conference paper at ICLR 2026

Tianle Cai, Yuhong Li, Zhengyang Geng, Hongwu Peng, Jason D. Lee, Deming Chen, and Tri Dao. Medusa:
Simple LLM inference acceleration framework with multiple decoding heads. In Forty-first International Con-
ference on Machine Learning, 2024.

Yung-Sung Chuang, Yujia Xie, Hongyin Luo, et al. Dola: Decoding by contrasting layers improves factuality in
large language models. In The Twelfth International Conference on Learning Representations, 2024.

Peter Clark, Isaac Cowhey, Oren Etzioni, Tushar Khot, Ashish Sabharwal, Carissa Schoenick, and Oyvind
Tafjord. Think you have solved question answering? try arc, the ai2 reasoning challenge. arXiv preprint
arXiv:1803.05457, 2018.

Karl Cobbe, Vineet Kosaraju, Mohammad Bavarian, Mark Chen, Heewoo Jun, Lukasz Kaiser, Matthias Plappert,
Jerry Tworek, Jacob Hilton, Reiichiro Nakano, et al. Training verifiers to solve math word problems. arXiv
preprint arXiv:2110.14168, 2021.

Javier Ferrando, Gabriele Sarti, Arianna Bisazza, and Marta R. Costa-jussà. A primer on the inner workings of
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A APPENDIX

You may include other additional sections here.
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